a2 United States Patent

Sainani et al.

US011244247B2

US 11,244,247 B2
*Feb. 8, 2022

(10) Patent No.:
45) Date of Patent:

(54) FACILITATING CONCURRENT
FORECASTING OF MULTIPLE TIME
SERIES

(71) Applicant: SPLUNK Inc., San Francisco, CA (US)

(72) Inventors: Manish Sainani, Kirkland, WA (US);
Nghi Huu Nguyen, Union City, CA
(US); Zidong Yang, Millbrae, CA (US)

(73) Assignee: Splunk Inc., San Francisco, CA (US)

(*) Notice: Subject to any disclaimer, the term of this

patent is extended or adjusted under 35
U.S.C. 154(b) by 1 day.

This patent is subject to a terminal dis-
claimer.

(21) Appl. No.: 16/904,866

(22) Filed: Jun. 18, 2020

(65) Prior Publication Data
US 2021/0042658 Al Feb. 11, 2021

Related U.S. Application Data

(63) Continuation of application No. 15/143,335, filed on
Apr. 29, 2016, now Pat. No. 10,726,354, which is a

(Continued)
(51) Imt.CL
GO6N 20/00 (2019.01)
GO6F 16242 (2019.01)
(Continued)
(52) US. CL
CPC ....cccue. GO6N 20/00 (2019.01); GO6F 16/22

(2019.01); GO6F 16/248 (2019.01); GO6F
16/2428 (2019.01); GOGF 16/2471 (2019.01)

(58) Field of Classification Search
None
See application file for complete search history.

(56) References Cited
U.S. PATENT DOCUMENTS

8,631,392 B1* 12014 Owen ... GO6F 17/18

717/141

9,323,599 Bl 4/2016 Iyer et al.

(Continued)

OTHER PUBLICATIONS

U.S. Appl. No. 15/143,335, filed Apr. 29, 2016, Which is: Granted.
(Continued)

Primary Examiner — Tracy C Chan

(74) Attorney, Agent, or Firm — Shook, Hardy & Bacon
LL.P.

(57) ABSTRACT

Embodiments of the present invention are directed to facili-
tating concurrent forecasting associating with multiple time
series data sets. In accordance with aspects of the present
disclosure, a request to perform a predictive analysis in
association with multiple time series data sets is received.
Thereafter, the request is parsed to identify each of the time
series data sets to use in predictive analysis. For each time
series data set, an object is initiated to perform the predictive
analysis for the corresponding time series data set. Gener-
ally, the predictive analysis predicts expected outcomes
based on the corresponding time series data set. Each object
is concurrently executed to generate expected outcomes
associated with the corresponding time series data set, and
the expected outcomes associated with each of the corre-
sponding time series data sets are provided for display.

20 Claims, 32 Drawing Sheets

302\{ RECEIVE DATA ‘

304 ANNOQTATE DATA WITH METADATA ‘

FIELDS

:

PARSE DATA INTO EVENTS ‘

306

308 EVENTS

:

ASSOCIATE TIMESTAMPS AND OTHER
METADATA FIELDS WITH EVENTS

,
¥
y
!
sz TewsroRwevents |
%
y
y

DETERMINE TIMESTAMPS FOR ‘

310

:

314 IDENTIFY KEYWORDS IN EVENTS ‘

:

UPDATE KEYWORD INDEX ‘

:

STORE EVENTS IN DATA STORE ‘

316

318




US 11,244,247 B2
Page 2

Related U.S. Application Data

continuation-in-part of application No. 15/010,732,

filed on Jan. 29, 2016.

Int. CL.

GO6F 16/22
GO6F 16/2458
GO6F 16/248

(1)

(56)

(2019.01)
(2019.01)
(2019.01)

References Cited

U.S. PATENT DOCUMENTS

2004/0068476 Al
2005/0060693 Al

4/2004
3/2005

2006/0173878 Al 8/2006
2007/0198328 Al* 8/2007
2010/0280985 Al  11/2010
2013/0024173 Al 1/2013
2013/0103764 Al 4/2013
2013/0185232 Al 7/2013
2015/0178834 Al 6/2015
2016/0025020 Al1* 1/2016

Provost et al.
Robison et al.

Bley

Fuller ................. HO4L 67/1097
711/170

Duchon et al.

Brzezicki et al.

Verkasalo

Hochstein

Co et al.

Hodzen ............... F02D 41/0007
701/103

2016/0062950 Al* 3/2016 Brodersen ............... GO6F 17/18
702/181

2016/0063385 Al* 3/2016 Singh ... GO6F 17/18
706/50

2016/0217384 Al* 7/2016 Leonard ............... GO6N 5/02
2017/0116524 Al1* 4/2017 Hariharan ........... GOG6F 16/285

OTHER PUBLICATIONS

U.S. Appl. No. 15/010,732, filed Jan. 29, 2016, Which is: Pending.
Eckstein, B.A., “Evaluation of spline and weighted average inter-
polation algorithms,” Computers & Geosciences, vol. 15, Issue 1,
pp. 79-94 (1989).

Honaker, J., and King, G., “What to do about missing values in
time-series cross-section data,” American Journal of Political Sci-
ence, vol. 54, No. 2, pp. 561-581 (Apr. 2010).

Moritz, S., et al., “Comparison of different methods for univariate
time series imputation in R”, Applications, arXiv:1510.03924, pp.
1-20 (2015).

Teegavarapu, R. S.V, and Chandramouli, V., “Improved weighting
methods, deterministic and stochastic data-driven models for esti-
mation of missing precipitation records,” Journal of Hydrology, vol.
312, Issue 1-4, pp. 191-206 (2005).

* cited by examiner



U.S. Patent Feb. 8, 2022 Sheet 1 of 32 US 11,244,247 B2
CLIENT DEVICES 102 100
HOST DEVICES 106 ‘/
CLIENT
APPLICATIONS 110 HOST
MONITORING APPLICATIONS 114

COMPONENT 112

NETWORKS DATA INTAKE AND
F| G | 104 QUERY SYSTEM 108
DATA DATA DATA
SOURCE SOURCE SOURCE
202 202 202
{ DATA INTAKE §
{ AND QUERY FORWARDER | | FORWARDER E
i SYSTEM 108 204 204 5
5 INDEXER | INDEXER INDEXER | |
§ DATA DATA DATA | i
: STORE STORE STORE| |
: 208 208 208 5
i |SEARCH §
t | HEAD E
i 210 5




U.S. Patent Feb. 8, 2022 Sheet 2 of 32 US 11,244,247 B2

302~ RECEIVE DATA

'

ANNOTATE DATA WITH METADATA

304 FIELDS
306+ PARSE DATA INTO EVENTS
s08—|  DETERMINE TIMESTAMPS FOR

EVENTS

'

ASSOCIATE TIMESTAMPS AND OTHER
3101  METADATA FIELDS WITH EVENTS

Y
312~ TRANSFORM EVENTS

l

314~ IDENTIFY KEYWORDS IN EVENTS

'

316 UPDATE KEYWORD INDEX

'

318—1 STORE EVENTS IN DATA STORE

FIG. 3



U.S. Patent

Feb. 8, 2022 Sheet 3 of 32 US 11,244,247 B2

402

SEARCH HEAD RECEIVES QUERY
FROM CLIENT

l

404

SEARCH DETERMINES WHAT
PORTIONS OF THE QUERY CAN BE
DISTRIBUTED TO INDEXERS

l

406~

SEARCH HEAD DISTRIBUTES
PORTIONS OF QUERY TO INDEXERS

l

408

INDEXERS SEARCH DATA STORE
FOR QUERY-RESPONSIVE EVENTS

l

410

SEARCH HEAD COMBINES ANY
PARTIAL RESULTS OR EVENTS TO
PRODUCE FINAL RESULT

FIG. 4



US 11,244,247 B2

Sheet 4 of 32

Feb. 8, 2022

U.S. Patent

e b

G Ol 208

I<ENYE R
140ddNs

1

N
N
N

0S:02:201E2:0L 102 LEAUM palie) Jeplo AN, Apoql osteg Lfebessew oddns

609 4/

909

gl Jlswolsn)

SN
S
S

<

09
J4VMITAdIN

e b

uoI}o8UU0D
|ood a)e8.0 Jou p|noY :uondedxjpes(gedinoss
‘uondeox37DSpesquUoIosUU0) 'S

:$MO||0} Uolideoxa|,96rEC 1 Palle) G9/86

odaoinosal uowwoo 2160|gem
Isusixa-ogpl-oi6ojgem
0" Jjnyspoob-zm 066:21:10 €2 100

A

G0s

805 mm__ Jawojsn)

10G
ddV 43040

1L0LET-0L-7102°¥IAYHO

N

r0S

" '2°00L°001L°001'G9.86|.95vEC 1828

£0S al Jawoisn)




US 11,244,247 B2

Sheet 5 of 32

Feb. 8, 2022

U.S. Patent

V9 Ol

BO0IM ™ PAUIGUIOD"SS8008 = 8dA1goinos  Bopssesoe/ | mmmy diz BIEp[BLIoIN} = 83IN0S | MMM = JSOY
Y€1 .5'965/1eJeS 9F'#801°0°6 1/aL0IYD (04099 oY

Il “WNLHY) G'9eSAMaamalddy (7201 X SQ 9Bl [B] ysojuioe) 0°G/ellizo, ,L09-SAE-4S Wd
=PHonpoId usa19sJonpoid/woofsawendndlopng wmwm/:dpy, £68 80% u1'L dLIH 101€544av0L44  00095:0¢-9
81S90S=AINOISSISI 881 -1SI=PIUSHZIUIPIOf 1SOd. [95:02:81 :%10Z/1dv/8g] - - 11¥91'9¢2'Z8) v1I8eHy

BO0IM PAUIQUIOD $S8908 = 8dA1Boinos  Bo|'ssanoe/| mmmy diz BIEp[RLIoIN) = 83IN0S | MMM = JSOY
905 .5°9€5/UeleS 9%'¥801 °0°61/oWoiyD (04999 3| “TINLHN) §9€SAINGRA

9lddy (y™2701 X SO 9B [eIu] JYSOUISR|N) 0'G/elIZON, .G _-Em“o_eg_z____zegog Wd

oiepnalwmm/:dny, 2622 002 1L dLLH 101£544AY014481390S=AINOISSTSM8609-OY-68=PRAoNpoI  000'95°0Z:9

d9G}-1ST3=plLsiglesc)ppe=uonoe;opHes/ 139, [96:02:81:710z/1dv/8z] - - 11 '¥91 92281 1182

BO0OM ™ PBUIqUIOSS820€ = 8dAJ80IN0s § 60|'SSe00B/ZMMM/ iz BIEP[ELIOIN] = 82IN0OS | ZMMM = ]SOy
651 .§9EG/HelRS OF
7801°0'61/8W0.yD (04909 &3l “TWLIHN) S°9ESAINABMBIAdY (79 MOM (19 LN SOMPUIAL) 0'G/ell! Wd
O, 7 1-LSF=PIwal;uipio/wod|sawebdnosepnglmmay/:dpu, G991 00Z .} 'L dLIH €11€544av.  000°91-¢¢9
44/15908=AINOISSIASI 8y - LSI=PIWSHENUIPIO) 139, [91:22:81:7102M1dv/8Z] - - G1°681°G0Z'16 VAVLTAY
809 isIT sjuen] ong | ]

09 anuIw ajep #
g Aepw~ajep #
y¢ noysjep #
+00} diusyo v
g piliobaes v

+00) SOUq #
G uonoe p
spioi4 Bunsassuj

| 8dAyounos v
¢ 20Inos »

£ 50y »
splol4 pejosjes

909 [egep!S spjei4
SPRI4 IV == SPIBld 9PIH »

DeN " 6 8 L 9 S v £ z[lL]rad

~obed od 0z ~lewlod  ~lsi]

P TR TPy

uwinjoo Jad anoy |

S09 suiewI | 109[9S9( x  UORO9I9S 0} WOOZ + N WO0Z —  ~ SUISWI] Jewo-

_—J0}08|8s 8pow Yoleeg ~—SUuojiNg UoIjoe YoJess

\ uoneziensip \ sopsiels \ (618'9€) sjuang

~opONMEWS S @ 7 ¢ W u ~qor]

09 sge] sjnsey yoieeg —Mnd 000'20:61:Z ¥1/0€/v 810j90) SIUBAS 68°0E ~

O | AWl Y T~—Z19 Jox01d abuey awi]

209 Jeg yosesg onmm%emwﬁr_

9s0]) A8y ®>m.mA.l/lSC®E se oAeS

U0Jeag MaN o

Builioday B yoleag

spJeoquse(

SHalY

spoday  JoAld | Yyoless

009 UseIog cemmm\




US 11,244,247 B2

Sheet 6 of 32

Feb. 8, 2022

U.S. Patent

49 Ol

Nd 000'SP:Z€:1 7162/ G16'C NT MMM
Wd 000 Z7:2€:1 71621 56522 N MMM
Wd 000 77:2€:1 7162/ 1227 NT | A
Nd 000'97:Z€:1 71/62/ 2°0€ N Sa[eSIOpUaA
Nd 000272811 71621 68'6 N AS{leul
¢ ajepdn 1se ¢ UNo) I ¢ 1SOH

( ey )

/ (¢) sadfy@2inog

\ (8)seamog \ (g) sisoH

Aewwng ejeq




US 11,244,247 B2

Sheet 7 of 32

Feb. 8, 2022

U.S. Patent

\VARSE

"BJep 8y} 9ZLBWWNS

0} ‘S}e)s 1O Leyosiul 8yl ‘PUBLLILLIO?

yoteas Buiwojsuel; e asn
21 SPUBLIWIOY) YoIeas

2w Aq sieusjey doy, pue 'sayoseas bugum
SJaligjay do|, &yl spodal 3aInb Jo 51| € 10} oYM SIS pue spjel adynw
() SYUSAS 3y} Ul pjay Aue uo 30110 Buisn suoneziensia pue sajqe} pjing

spoday 3oy JONd

7

OON\A

} Aue Bunessuab Lusi yaess no
0] [oueg ] | ° PUeseienstores ok O
b0~ (61) sbesonoo %[ 7] 1sealie ymspod @ P/ SHed \ (058'891) Sushg
~ BPOI\ Mews & e 7T £0/~ (€) spieI4 pajos|as O 26 ¥71/¢e/L 210jaq) Susne G889
O | ~oun v Z0L~ (L6) spRIH IV O [UIBUI=XapuUl
¢ |opoJ\ BJe( B Se asn 0} 8yl NoA pinom spjal YaIym
9S0]) A SY 9ABS ydJea§ MoaN o
x Spiel4 19918S
mc_toamm X Ydless \ y J sualy  suoday  jond | yoless
10—




US 11,244,247 B2

Sheet 8 of 32

Feb. 8, 2022

U.S. Patent

d/ Ol

~Jewio4 ~abediadqz

bLL—

Xapui v

uspi v

isoy v

dnoib »

v
adAjuana v
auozZ ojep »
Jeak"aep #
Aepm—ajep v
puodss”slep #
oLL—" yjuow - ajep #
nuILTARP #
Aepw™ajep #
noy~elep #
Wnoo #
wauodwos »
dnuaip »

301 ©

solg v engupy

oL

60.~ [+](#¢]OusAT j0 N0
senjeA uwnjo)

80L~ B

@ UOJJeJuawWnoo( suwnjo) ydg

L0L~ (+]
Smoy J|ds

90L~ (+][«] Wiy

SRy

VE T ¥ .

PayojewW sjusAs $05°C LS J0 ¥0STLS

[ ~uopesdeooy | (13| ~ sy aneg|

=]

JOAld MO 1

mo\l.\k




US 11,244,247 B2

Sheet 9 of 32

Feb. 8, 2022

U.S. Patent

oL Ol

~Jewlio4 ~abediadqz

§
f
G
[8l9eL 0L PPV |
(oN[seA]  sieol
00l smoyxew
~nejaqd Hos
chL—" SMoU ||V
| |euondo]| |ege
jusuodwod -
(*)[°] O WeAT 0 1UN0) § <- &
Sanje A uwnjo) smoy yds
o A o) | <
@ UOBJUSWNI0Q suwnjoQ yids SRR o
VE T LT paydjew sjusne $05°Z 1S 40 ¥05°1S
._ﬂ_ ~UOJRIBR00Y | [[ed|] | ~ sy aneg| JOAld MBN © B

mo\l.\k




US 11,244,247 B2

Sheet 10 of 32

Feb. 8, 2022

U.S. Patent

d/Z "ol

~Jewlio4 ~abediadqz

MBIA

S|n

payoes

CO e [— <t

SlIdPBYAEM

1665y

SOOI

881

abesnasuaor

|

Byuonxapul

£9y

9S0qJapJasedale(

|4

Jobeuepjfioyoaiigeseqeieq

4

JonopIaxINg

+}09[q0) JUsAT JO JUN0)

7

s Jusuodwod

Sm(\

@ UOJBJUSWNI0(

eLL—

[(*)(~] O Wwen7 30 Junod
sanje/\ uWnjo)

()

suwnjod jdg

SRy

Ve T ¢

Paydjew sjuens y05°CLS J0 ¥0STLS

[ ~uopesdeooy | (13| ~ sy aneg|

=]

JOAld MO 1

mo\l.\k




US 11,244,247 B2

Sheet 11 of 32

Feb. 8, 2022

U.S. Patent

sJoad wou) paaiedal synsal sielsaud sy} ajebalbby

908 —Y ‘peay yosess Agq panosxy

}SOy Ag Junoo syejsaud |, Joals, yoiess
08— 'sJ9ad 0} JUsg

1SOY Ag JUnood sjels |, Jous, yoiess
zog—v ‘yoJeag |eulbluQ



US 11,244,247 B2

Sheet 12 of 32

Feb. 8, 2022

U.S. Patent

V6 Ol

A [T p—
SIOMIBY e
Anuspl ——

lodpus —

HPNE —mee
SSB00E e

LLINCPapA - 9L Inf anl
Nd 00:¢1 e 00:¢l Nd 00:¢L _ ubny ]

wmpsw []
mo ]
e [T
umousun []

e—

EVENTS

0C

JANIL A8 SINIAT 347189VL0ON

URGENCY

AONIOHN A9 SIN3IAT IT19VLION

ve8L K9l asvl WNM@

d3aHOLVYd ATINd SLSOH OAY LSOH / SAILIMEVYEINTNA

A ARV ]

wnoy |elol wnop jejol unog [ejol

SATEY.LON LNy S3TGV.LON ALLLNAAI SAT9Y.LON MHOMLIAN

S18OH F1gVHANTNA i SNOILOZ=NI mm<>>._<_>_ ~]

¢ 19 ey _

Wwnoo jesoL nog (ejoL

S379V.LON LNIOJANS S31dV.LON 5300V

—~¥06

~c06

~ 106

006 M3INA SHOLVIIANI A3H



US 11,244,247 B2

Sheet 13 of 32

Feb. 8, 2022

U.S. Patent

46 Ol

[+81eai] IF)[-anes @] =] ][

116 sa13aid
J1LNgI-dLLY

LNIZAIONI

sInoy  Jse
seJnuIl 09 Jse
senuIW G| Jse

o paubisseun - MON < TOH(D - 1G00-Ad < S5O0V ik & O
oo poubisseui  ~MON - UBH(D - (500-LSOH) U0 PalIa (squwoa) wnoday - sseony Y W0OEIL @ o
Yo poubisseus <MON -UBHD - (900-303400) U0 Pareiea (neg) wnodoy - sseoay Y OVOEIRE @ o
w_m%\m poubisseus  <MON < UBH(D - (100-SOd-00¥d) U0 PetoIRQ (Rigoug) junosoy - ssaooy 1Y 000 @wmmmﬁ (4 o
w_ﬁ%\m pouBisseun  ~MON - UBIH(@ - Paloe)aQ UOKEIRUBYINY JXOLIED|D IO BINJASU|  « SSIIIY W 000 Nm_o\wmv\m ) O
m_ﬁ%\m poubisseun  ~MON - UBH(D - PalalaQ UOREIRUAUINY IXaMEa[D JQ 21ndasu| - ssaody N1V ooo_mm“&w\w 4 o

urewoq
BumQ  snelg  Aousbun ML funoeg awi| suondp 109j8S
o wolsnY [IlB WP | Sjusna pajosies WP [ «XeU 0L 6 8 L 9 G ¥ € ¢ [1]Aeid» (|8 10sjesun | [ 108}eS
716 1SI7 SINIAT m.E% _H_N snbny (Y 02:62:1 ) 03 67 ISNBNY Y 07:62:1 | LOK) (SWR-Je8.) MOPUIM INOY 7 © Ul SYUdAD 672
sy
awn-leay Z102 9z bny ung
1eak 158 WY 008 AV 00:9 _ WY 00y
09 skep og 157 09
0z €16 ANITINIL skep J 158 0ch
noy | =Jeq| -8[eds Jesur] SN0y 4z 1se7] 109[9S9( 1 UOI}99]9S 0} W00Z% N0 W00Z% OPIHE

Sjusns Bulyojew gzz A

[ = MOpum Inoy 47

¢16 1414 3ONVY JNIL

OfL

| _ 10d |
:yoJeas ‘90UBUIONOE)
| _ yby |
JoUMQ :Rouabin

:urewop Anoeg

_ |
'snjeIg
. SUONOY | MaIAsY Juaplou|

016 AdVOgHSVYA M3IATY LNIAIONI <




US 11,244,247 B2

Sheet 14 of 32

Feb. 8, 2022

U.S. Patent

SANVdX3
3AdON

D6 Ol

3dON SIHL
S10313S

3AdON SIHL
S10313S



US 11,244,247 B2

Sheet 15 of 32

Feb. 8, 2022

U.S. Patent

dé Ol

aniL
€102
02 AON dam
Id 00:1| INd 00:21| INY 00:1 1 INY 00:04
52
ONINYYM e
NINYYM 0
IVOILIND - — 61
...../.- P e e, orne I meneee ..f...:....- P ‘n:....-“\‘-....!.!i-..q.-.-.-v!....-:..f; Panaas UPTCCERIONI ...:.3.?...:.\...-..;..../ .....-l!i.-!'\-.:-3\-!....-\ ----------
~ IN3O¥3d “ 0oL
"NOILVZITILNIHOD
NdO IOVHIAAY d szl
E SUINUVYIN AVIdSIA
776 SNNIN NMOA-11Nnd ﬁ a _ JOVHIAY : a _ NOILYZITILNIHOD NdD mo<mm_><= a _ amE@mmoo/Q a _ :n_oﬁ

]

[¢ |

IPMSV.L HSINI--OU XA

NOOMNNILSAS L0GIXST-BddV olLe'soagel €L/oe/l §

ANIHOVIA TYNLHIA ALVHOIN MSYL  INd 00162 vk L €L/02/4L G

FYMSY.L HSINIE-IOM XA

NOOMNNISAS LOSIXST-SddV 01£'80°06°€L €L/Qe/tl ¥

281 INOOMNNTAS AS LOSIXSH-SddV NO¥- 8L-AA-QYOTONILYMDIN - INd 0LV 0EvF L €L0Z/LL ¥

IFMSY.L HSINIZ-IOYIXdAl  INOOMNNTASAS L0GIXST-SddY §2E80:06°ClL €L/0E/LL € NOOHMNNTASAS LOGIXSH-SddY LSOH 440 81-ANA-OYOT ONILVHSIN . WA 019 1eb L €L0g/LL €

IFMSYL HSINIF-IOYTIXdAl  IWOOMNNTAS AS LOGIXST-SddY 8CC'¥LI09°EL £L/0CHL € 81-AN-GY0T JOd NOILYOOTIV 30UNOS3d JIONVHD  INd 857281 L €1/0C/iE ¢

IFMSYL HSINIZ-IOYIXdAl  IWOOMNNTAS AS L0GIXST-SddY 18e¥10GEl €L/0e/tL YHS INODMNNTAS'AS L0GIXST-SddV NO ADVSN NdD LSOH. WHVTY  INd 00C' 126t €L/0e/iL |
4 3ovssan $  LSOH $aniL $ 3ovssan $aniL”

«LXaN GL ¥l €L T LLOL 8 L9 6 ¥ €2|L|ATud» «IXaN G ¥ € 2 [1] AFud»

SAINT D01 1/XS3 LNIFOIY

S1N3AI ANV SHSVL INIOI




U.S. Patent

1000

CLIENT
1002

Feb.8,2022  Sheet 16 of 32 US 11,244,247 B2

DATA DATA DATA
SOURCE SOURCE SOURCE

202 202 202

FORWARDER FORWARDER
204 204
NETWORK
1004

CLOUD-BASED DATA INTAKE
AND QUERY SYSTEM 1006

SYSTEM
INSTANCE

1008

SYSTEM
INSTANCE
1008

FIG.

10



US 11,244,247 B2

Sheet 17 of 32

Feb. 8, 2022

U.S. Patent

L1 SINGdY

L1 Ol

ST 9a9nl0 202 /w_m,wa:o.w Z02 /ww/MuDOw 202 ,wmwozg
¥0 dOOAavH
¥0¢ v0¢
HIAYVYMHOS HIAUVYMHOS
AR 80C 80C
$S3004d . . . |[3¥0o1s vival| ||3¥0ols viva
ddd 30 ¥AXIANI | | 902 ¥IXIANI
orry (¥4
$S300¥d avaH
dy3 HOYV3S
80T WILSAS
AY3IND ANV IMVLINI VLIVA
0ZTT MHYOMLAN
U701 T GvorT oI
(Mas) o o « [(INITANVININOD) (g3am)
32IA3A IN3ITD 3DIAIA INTITD | | 32IA3A INTITD




U.S. Patent Feb. 8, 2022 Sheet 18 of 32 US 11,244,247 B2

1200
/

Select a Data Model

I | 4 Data Models ~ 1201

| 2 (Buttercug Games Sales )*\4202
P | Splunk's Internal Audit Logs - SAMPLE
P | Splunk's Internal Server Logs - SAMPLE

P | test

FIG. 12

1300
/’

Select an Object

4 Back

{ | 6 Objects in Buttercup Game Sales ~ 1301

Buttercup Games Web Store Events

HTTP Success

( Successful Purchases )'»1302

Failed Purchases
HTTP Client Error

v i i v| Vv | v v | Vv

HTTP Server Error

FIG. 13



US 11,244,247 B2

Sheet 19 of 32

Feb. 8, 2022

U.S. Patent

yl Ol

1g'clol 6.1 66'G epNoo Jo speig A|oH
¥.'814C 9cl 6661 710z Buipno
LR YARA gcl 66'¥¢C slga( aoedg ubiuag
61°'¢2sy L8l 66'¥C [anbag feuld
L9199Y g€ee 66'61 8pIand INIS
05°L¥29 05g—" = ™ 6672 swopbuly| 8J00ipa |y
£€€°CL99 \\\ 192 66'vC 9893UD JO PLUOM
o0vi 1£'8919 691 66'6¢ SULISAJOM SUL INO
10’8964 661 66'6¢ ‘'soig oj|siuebuey
€L1106 V\Jmovr L2z v\)voi 66'6€ Jaysnio weaid
~ 3oud jo wing 4 soseyound |nJSsesoNS O JUN0Y & 5oud & swieu jonpoud
. —\ aoud jo wng :\ ""$$800NS 0 JUNCD soud _\ aweu 1onposd _
sanjeA uwn|o smoy Jilds
eovl—>

- “npoud 0} 1504BIH £ || 7 awn Iy |
Z] uoheuBWINS0Q suwnjoo Wds | Loy L—Y ooud Aq swey ~o>:voa 01 150UBIH siaid
_d _ = _ﬂ _ v E _ sm_aeoo_ (INd 000°20:61:S €1/22/6 810}90) SIUAAS 996'L

007 1—Y
_ « Soseyoind jyssaoong _ ﬁ .90 | a sy eneg ﬁ “_.O>_ & M Z ]




US 11,244,247 B2

Sheet 20 of 32

Feb. 8, 2022

U.S. Patent

gL O

~ Jewuo

~ 8bed Jad oz

MBIA

s|n

$J0Je1003p

payoed

9|IdP3yYdlep

“o0igBule |

=3 =2 =2 =21 =] =)

olojo|lolo|jlo|lo

ololololo|lo|o

olojololo|lo|lo

olojlololo|lo|o

“IANIOYSBUQ

cL6

3414

od

16

4

16

¢l6

SOL}O

“'BSN9suULdI

Byuoxapu

uopIsid

0 0

“19sIedaleq

/

0

“igeseqere

=1 =11 =1 =10=]

©
<
o«
(o2
OO QIOIOIT OO IO (OO |O|O
~—
o
(o2}

olololojo|o

0
0 0

olojojlo|o o

olojolojoio

O OIQICIOC IO IOIC|IC OO IO (OO
=
[o2]
[a Y]

oiIojojoio|o

QOIQOOIC OO0 OO O |0 |O

JanopIexong

. EJep yoses
" sTBWNfes)

Indnuyy~adA
1901005 10d

_Indnuyye
* 2inos1ad

_Indnuyy”
* xapui~iad

_indnuyy”
*1s0y sed

3

sananb |- autjedid

s [0odw

<

dew

NENES
" -fojdep

_Uuu0d
“-kojdap

©

e
<
o
o

¢ Jusuodwios

\
10G1

2 uofejuswndog

[¥])(¢] "0 Wen7 jo unog
SonfeA ulnjon

dnoib
suwnjo) yidg

()]

' |~ | JUBUOOWOO &
(]

smoy J(ds

owg Iy
SIyi4

Ve T ¢ "

PBYJJBW SJUBAS H0S'T LS 40 ¥0STLS

[ ~uonessody | [1ed|) | ~ sy aneg|

[=]

JOAld MBN B

o =0

¢

cy

)

%

00% e\A




US 11,244,247 B2

Sheet 21 of 32

Feb. 8, 2022

U.S. Patent

21 Ol

000°G€] 000°0€] 000°5¢) 00002

193[qQ JuaA7 jo Juno)
00001

000G}

0006 0

joodh O

_ndnuy o
098 HSBIqNS [
“payosyotess O
"'9U0J Yosess [
“"eas aWneal 0
ananb

aulpdid O
K1921n0s_Jed
1 80in0s Jad O
Yy xepur_sed O
yrysoyied O
joodw

dew
Jansas-Aojdsp 0
" UU0d-Aojdap I

oo
= \

MOIA
s
M_SES%
mmcomo
M__%m;o“m;

1055990.4Bune |

JRJUAIOYSBUQ m
f— =
: Mo_:ms_ m,

[=]
abesnaesusor ©

Byuonxepuj

UosIa

[ ON [ 594 ] umopjiug

[esausc)

[ [& T w]eporpmss

=T So o voleaun |
Lz 1z <_ucmmm._

uonisod
SIL pushai
[~ 818430 dnois[ o1 | sioj00 xey

® [~ dnosb » | pier4

10[0D

[ feuoido | snjep xepy

* leuondo | anjep uiy

( leuondo | jeassyu

(Bo1 [ seaurt ] oless

( leuondo | ~ moys | jagen

[~ [0 wan7 Jouno) # | pieid

[=]

009L—" " I9NIesie4ele(d (I, 1Bg) SIXY-A
“joaligeseqeieq (s1eg) sixy-X

”_w>o_\/_yov_o=m_ 18yl

L abuey awi|

veg T ¢ o PaYdjewW SUsAd K0S T LE‘E JO YOS TIE'E
[ ~uonesseooy | (3] ] » sy aneg) JOANld MoN @

Q:mra

¢y

)

<




US 11,244,247 B2

Sheet 22 of 32

Feb. 8, 2022

U.S. Patent

ANl

| 0087, 009 00¥g 00C'Zf 000 008°L; 009'h 00¥'L
- 007
0 O a
0 O 05w
0 O
o
Ue-ojigow-en o 0 008
“di-ajIqow-en

pedi-aigow-en [ O
’|g-8jiqow-en 055

podi-ajiqow-en I
009
059

004}

o 00,
0S.

Average of timeTaken

[ON | S3A] umopjiug

[eauan)

=T UOResuny
(z7]z7v] <_€mmo._ .

UoRISod
% puaba
® |~ adfuans » | psi4

10j09)

{ leuondo | anjep xep

( leuoRdo | anjep Uiy

( feuondo | ajeasayul

(B3 [ 7220 okeos
[y ene

_

leuondo |~ moys | jeqe

[~ 190 Jusn3 Jounod #] plaid

SIXY-A

( leuondo | snjep xejy

SIXy-X

e

18}

abuey awi |

ve F ¢ mu

(INd 000'8€:61:9 ¥1/92/6 ©10}30) SBAD 01Z°| 8+

[ ~ uoess|pooy | (1e9)] | » sy ones|

[=]

JOAIJ MON ©

Q:Emas

cy

D

%




US 11,244,247 B2

Sheet 23 of 32

Feb. 8, 2022

U.S. Patent

V8Ll Ol

VEUIVUUKCIL VL FILOICITGTT 1T JGFGCOOLCU &G VUUUUU TG FUUUHYO GUGE TPV
6982906292'5¢ 0 V£12£60282°8) 00000022 00:00:1¢ 20-¢L-510¢
££987129/°8) 06l 191168/€7' 11 000000°G ) 69:65:02 20-Z1-G10Z
((004)uonoipaidigeleddn (00d)uonoipaid ((00d)uonoipaid)sgiamol 004 awn~
"payoeal ussq sey JIwi| 1ey) pue ‘sauss Jad s)nsal 000 J0 wnwixew e Aejdsip 0} painbiuod si UoeZIensIA Siy| pajesunt) aq Aew synsal asay | []
(004)uonoipasd— swn~
004— G10Z ¢ 990 PoM
Nd G136, d 0116, d 506, d 00:6,

N/ \me
N.\ \K l& I... , / / ’

. ’ x /] .& ...L
\& 4 .\ L x\ \i \ \v / \ T\\ m \\\

\\ \ u«n .q\ s\ \.- \. \ -\ vl 2 r)

/ - 009
sV Y Vv ¥ Y 2/

0§,
~JBULOH  AMRYD BUI
\ uoneziensin / (610°G) sonsneis \ swaned \ (p66%) Sluend
~9PO|\9SOQIOA® T @ ¢ o u AQop ~bujdwes uergoN (A 000°G1:0%7:0} 91/5T/1 810jeq) SUBAS 6667 ~
O | ~owi |y omncmgmos_ﬂo_:ﬁ 004 1ipaid |00 se (Jajno)bae s =ueds tm%m&z_..>8.xm..«mm%t_n_m_smo:_..mc..ﬂ\ﬁmEE:omEmEo;\..uoosﬁ
8S0[) ~SY 9AeS vomr yaolea§ MeN o
Bupioday B yosess spJeoqyse(] sua)y  suoday 10 | yosess




US 11,244,247 B2

Sheet 24 of 32

Feb. 8, 2022

U.S. Patent

a8l Ol

VLGIUUKCIL VL A ILOICAUUU LG dGVLOOLLL LU UUUVUUU VG FUUURGC LU GE VUG
698290629252 0C 1£1/£60/£2°8) 00000022 00:00:12 20-¢L-510
£€88Y129/°81 061 191158/€7°11 00000061 65:65:0Z 20-21-5102
((004)uonaipaidigeiaddn (004)uonoipaud ((004)uopoipaid)geiemol 004 awn~
‘Payoeal UBQ Sey JILuij Jey} pue ‘sauss Jad synsal 00|, Jo wnwixew e Aejdsip 0} painByuod si uoezijensia siy| pajesunsy aq Aew synsal asay | [f]
(004)uonoipaid — sy~
004— GL0Z Z 980 PaMm
Wd 16, Wd 016, Wd 506 Wd 00:6

0
\\ 04¢
005

0S.
AJBUWIOS  AMRYD Ul

\ uogeziensip / (610°G) sonsielS \ suwieped \ (666%) Sluen3

~9PO 8S0QIBNE T @ ¢ o u AqQop ~Buiidwes usng oN (WY 000°G1:0%:01 91/G2/| 210J3q) SIUBAS 666V »
v | AWl Y| 0z=uedsawi aunny OQ4 101paid [0 se (1eno)bae s|=ueds tm:omE_H__.>8.xm..ymm%ﬁm_=mm:_..mc..ﬂ\mﬁEE\_mm:\mEo&..ume:oM__
8S0|) ~SY 9neS ydlea§ MoN ©
Buioday B yoleag SspJeoqyseq sualy  suodey  loald | yoleesg




US 11,244,247 B2

Sheet 25 of 32

Feb. 8, 2022

U.S. Patent

1001
o161~ SISATVNY
dAIL01a3dd

v1ivda

OB~ 394nos

|
|
|
|
|
|
|
|
|
|
|
|
HIXIAANI “
|
|
|
|
|
|
|
|
|
|
|
INILSAS ONISSTD0Hd-LNIAT |

61 Ol

ccol

30IA3d

AHOMLAN

304dN0S

v1vQ 9061

IN3ITO
06 _\\

0061



US 11,244,247 B2

Sheet 26 of 32

Feb. 8, 2022

U.S. Patent

0¢ Ol

£920/9922S1.  6yey990L0/y  G/9£G969/89S  92801/93°/8¢ 880/€901€2Zy  620¥/G/29S0€ 0695  0l0F  107110Z
¢5989861%'10.  QEC18/0VYZcy  G90CS8096 4SS 989v/C6E6°6E€  8/KGE810G80F  ¥EIBILLEY/SZ  0GSG  0'8EE  Z1-0L0C
¥€8/6/628'G6.  Ly00¥0866'¢Sy  129LLOVI9ZSS  GOSG1GS6L10/E  ¥E0S66VSL90F 6962901982  0'1SS 07296 11-0L0Z
v£8/6/623°G6.  v¥SOOSLYS LIS [vZl8J0/E6¥9  LLOVLIEWEY 99921 16°20S 669619121 1SE 0059  0Z8y  01-010¢
£2916€60185.  ¥SL1¥p908°9LG  9E0G/€0S9°LL9  GZ890CI0L'EEy  6¥YBSEL6L'GOy  9681.6S6E6¥E 0019  O¥EY  60-0L0C
G82G/09K0°/G8  #951597€6'/2G  869850/8G°0L.  SwZ6108S EhY 11120821 ¥9S  LE€€€L/2265€  060L  0Zhy  80-0L0Z
90110181766 810166596656  615¥50822°G08  ZBOSLECEL V.Y 1E6/£0692699  /FLGE986Y68E 008 0Ly 100102
yyy8y0826501  2669/9/¥9%29  €58/971Z€606  LEP0LPSYL'8ES  9921GbT987T9.  16E9ZEFYLGY  00L6  06ES 900102
638€8€01'GL0)  #12//8229'/6S  £2Z8y¥9'898 7L2e5Z9r1'60S  €1/608681'cZ. 60262969902y 0698 060 G0-0L0Z
6E8YOE09°CEZ)  9E06E660CELO  81EWYI L80) ov16£/98€ 12 212G199890¥6  GGz6ESEOV6CyY  0°980L  0LLS  ¥0-0102
1y96022¢C0E)  9€2€60/G9°'78S  68610€9L°GGLL  16IEGELCSE8Y  €E00V0EE600L  OVLELOSBEY8E 0961 006  €0-010C
71966610'88C)  ¢209G29S6°Cy9  ¢8¥ES9SS Iyl 0°€ES 1€6¢16/60G66  8/6EWiEyyEcy  0€ll  0€ES  20-010¢
268¢/8.v°102)  £91€€550L 429 0SS0l 0°09S £801/2125806  /€899p¥68'G6y  0'GS0L 009§ 10-010Z
(((ughunog)u ((JoN)u ((u (((uighunoo)u ((toN)u -
onoipasdigaiaddn | opaipaidigaraddn | Jhunodjuonopaid (loNJuoaipaid onoipaid)geiamo] | onopaid)gaiemo (u3junod ON| - duwh
awn~
€107 404 1102 0102
9£02 yv0Z 0¥0Z 2607 i

-005

((ui4)unoo)juonoipaid -
(1oN)uonaipaid — ~1000°)
e_%q%z?. 8£02 0051

- ooz  ¢00C )

810¢ Jom 0102 @oAON 91,02 2102 wwom | ~eubs ~veyoeun
\ \ \_\ \ \ S_H@_mas / (xp) sonsneld\ \ swished \ (vg) sjueng

~ OPOJ\ 9S0QJONE T m/« o 1 AQop J / / Xc_a&mwém\mmi (Nd OB.B“wm“mS L€ 910)90) SJUBAS YE

ﬁncm%.me_ﬁeaemuv_om%_osH_#E&c.om_mﬁ_toz,ﬁucm%ue_ﬂeaemuxom%_oc,:usﬁ__om_m E_u_zc:oﬁo%w% EEE:S
se {ul4)sanjen JoN se (JoN)sanfen uow | =teds Leyoawn [(,pY%-Wos- A%, ‘Suwijawndns=swiy” |eAd | ASO ZUIIONANTUTSTIOY/, =90IN0S

40Jeag MaN o

9S0]) 9|gBL MON ~SY 9ABS

Buioday p yoless spieoguseq suely suoday sjeser( _ﬁ:mm.m

or0c

020c



U.S. Patent Feb. 8, 2022 Sheet 27 of 32

2102

Reference a set of time series data

l

2104

Determine that the time series data has at least
one missing data value

l

2106~

Generate a predicted missing value for each of
the at least one missing data values

l

2108~

Use the set of time series data and the
predicted missing values for each of the at least
one missing data values to determine periodicity

associated with the set of time series data

FIG. 21
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2200

2202 Reference a set of time series data ‘/

:

Determine that the time series data has at least one
2204~ missing data value

l

Generate a predicted missing value for each of the
2206 ~~ at least one missing data values

:

Generate a complete set of values by aggregating
the observed time series data and the generated
predicted missing values

:

Use the complete set of values to determine
22101 autocorrelations of a plurality of lags associated
with the complete set of values

:

2212 . Determine the greatest or largest autocorrelation
greater than an autocorrelation threshold

:

Based on the largest autocorrelation being greater
than an autocorrelation threshold, identify a lag
corresponding with a greatest autocorrelation

'

2216~ Designate the lag as the periodicity associated with
the complete set of values

:

Use the periodicity to generate a forecasting model
2218~ that predicts outcomes expected in the future

FIG. 22

2208 -

2214
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2300

2302 - Convert a data set to a set of time series data

Y
2304 — Initiate a predict command

A A
Forecast predicted missing values for the one or more
missing values to generate a complete set of data

l

Use the complete set of data to determine a
periodicity associated with the complete set of data

l

Use the periodicity to generate at least one
2310~ forecasting model that is used to predict outcomes
expected in the future

'

Execute the at least one forecasting model to predict
one or more values expected to occur in the future

2306 -~

2308~

2312

FIG. 23
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2400

2402~ Receive a request for concurrent prediction analysis

l

Present forecasted or predicted values associated
with the multiple time series data sets

2404

FIG. 24
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2500
2502~ Receive a request for prediction analysis ‘/

'

Parse the request for prediction analysis to identify
an indication of time series data set(s) for which
2504 prediction of expected values is desired

Does
request include an indication of multiple YES
time series data sets?

2508

N

Forecast expected values

Initiate an object in association with
based on the single time 2510~ each time series data set to forecast

series data set specified in expected values
the request l

Concurrently execute each object to

25121 forecast expected values

Provide the forecasted expected
——»| values corresponding with each time fe——
2514 <A series data set

FIG. 25
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FACILITATING CONCURRENT
FORECASTING OF MULTIPLE TIME
SERIES

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. application Ser.
No. 15/143,335, filed Apr. 29, 2016 and titled “CONCUR-
RENTLY FORECASTING MULTIPLE TIME SERIES,”
which is itself a continuation-in-part of U.S. application Ser.
No. 15/010,732, filed Jan. 29, 2016 and titled “ENHANC-
ING TIME SERIES PREDICTION,” the contents of each of
the foregoing applications are incorporated by reference
herein in their entirety.

BACKGROUND

Modern data centers often include thousands of hosts that
operate collectively to service requests from even larger
numbers of remote clients. During operation, components of
these data centers can produce significant volumes of raw,
machine-generated data. In many cases, a user wishes to
predict or forecast future values from such collected data.

SUMMARY

Embodiments of the present invention are related to
facilitating concurrent forecasting associated with multiple
time series data sets. In accordance with aspects of the
present disclosure, a request to perform a predictive analysis
in association with multiple time series data sets is received.
Thereafter, the request is parsed to identify each of the time
series data sets to use in predictive analyses. For each time
series data set, an object is initiated to perform the predictive
analysis for the corresponding time series data set. Gener-
ally, the predictive analysis predicts expected outcomes
based on the corresponding time series data set. Each object
is concurrently executed to generate expected outcomes
associated with the corresponding time series data set, and
the expected outcomes associated with each of the corre-
sponding time series data sets are provided for display.

This summary is provided to introduce a selection of
concepts in a simplified form that are further described
below in the Detailed Description. This summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used as an aid
in determining the scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

In the drawings:

FIG. 1 illustrates a networked computer environment in
which an embodiment may be implemented;

FIG. 2 illustrates a block diagram of an example data
intake and query system in which an embodiment may be
implemented;

FIG. 3 is a flow diagram that illustrates how indexers
process, index, and store data received from forwarders in
accordance with the disclosed embodiments;

FIG. 4 is a flow diagram that illustrates how a search head
and indexers perform a search query in accordance with the
disclosed embodiments;

FIG. 5 illustrates a scenario where a common customer ID
is found among log data received from three disparate
sources in accordance with the disclosed embodiments;
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FIG. 6A illustrates a search screen in accordance with the
disclosed embodiments;

FIG. 6B illustrates a data summary dialog that enables a
user to select various data sources in accordance with the
disclosed embodiments;

FIGS. 7A-7D illustrate a series of user interface screens
for an example data model-driven report generation inter-
face in accordance with the disclosed embodiments;

FIG. 8 illustrates an example search query received from
a client and executed by search peers in accordance with the
disclosed embodiments;

FIG. 9A illustrates a key indicators view in accordance
with the disclosed embodiments;

FIG. 9B illustrates an incident review dashboard in accor-
dance with the disclosed embodiments;

FIG. 9C illustrates a proactive monitoring tree in accor-
dance with the disclosed embodiments;

FIG. 9D illustrates a user interface screen displaying both
log data and performance data in accordance with the
disclosed embodiments;

FIG. 10 illustrates a block diagram of an example cloud-
based data intake and query system in which an embodiment
may be implemented;

FIG. 11 illustrates a block diagram of an example data
intake and query system that performs searches across
external data systems in accordance with the disclosed
embodiments;

FIGS. 12-14 illustrate a series of user interface screens for
an example data model-driven report generation interface in
accordance with the disclosed embodiments;

FIGS. 15-17 illustrate example visualizations generated
by a reporting application in accordance with the disclosed
embodiments;

FIG. 18A illustrates an exemplary user interface showing
a portion of a time series data set with indications of values
missing therefrom, in accordance with embodiments of the
present invention;

FIG. 18B illustrates an exemplary user interface showing
a portion of a time series data set with predicted missing
values and predicted expected outcomes, in accordance with
embodiments of the present invention;

FIG. 19 depicts a block diagram of an illustrative data
processing environment in accordance with various embodi-
ments of the present disclosure;

FIG. 20 illustrates an exemplary user interface showing a
concurrent display of forecasted values associated with
multiple time series data sets, in accordance with embodi-
ments of the present invention;

FIG. 21 is a flow diagram depicting an illustrative method
of computing periodicity utilizing predicted missing values,
according to embodiments of the present invention;

FIG. 22 is a flow diagram depicting another method of
computing periodicity utilizing predicted missing values,
according to embodiments of the present invention;

FIG. 23 is a flow diagram depicting an illustrative method
of predicting expected values, in accordance with embodi-
ments of the present invention;

FIG. 24 is a flow diagram depicting an illustrative method
of facilitating concurrent predictive analysis for multiple
time series data sets, in accordance with embodiments of the
present invention;

FIG. 25 is a flow diagram depicting another illustrative
method of facilitating concurrent predictive analysis for
multiple time series data sets, in accordance with embodi-
ments of the present invention; and
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FIG. 26 is a block diagram of an example computing
device in which embodiments of the present disclosure may
be employed.

DETAILED DESCRIPTION

Embodiments are described herein according to the fol-

lowing outline:
1.0. General Overview
2.0. Operating Environment

2.1. Host Devices

2.2. Client Devices

2.3. Client Device Applications

2.4. Data Server System

2.5. Data Ingestion

2.5.1. Input

2.5.2. Parsing

2.5.3. Indexing

2.6. Query Processing

2.7. Field Extraction

2.8. Example Search Screen

2.9. Data Modeling

2.10. Acceleration Techniques

2.10.1. Aggregation Technique

2.10.2. Keyword Index

2.10.3. High Performance Analytics Store

2.10.4. Accelerating Report Generation

2.11. Security Features

2.12. Data Center Monitoring

2.13. Cloud-Based System Overview

2.14. Searching Externally Archived Data

2.14.1. ERP Process Features
3.0. Overview of Enhancing Time Series Prediction

3.1. Overview of a Predictive Analysis Tool in a Data
Processing Environment

3.2. Illustrative Time Series Prediction Operations

3.3. Illustrative Hardware System

1.0 General Overview

Modern data centers and other computing environments
can comprise anywhere from a few host computer systems
to thousands of systems configured to process data, service
requests from remote clients, and perform numerous other
computational tasks. During operation, various components
within these computing environments often generate signifi-
cant volumes of machine-generated data. For example,
machine data is generated by various components in the
information technology (IT) environments, such as servers,
sensors, routers, mobile devices, Internet of Things (IoT)
devices, etc. Machine-generated data can include system
logs, network packet data, sensor data, application program
data, error logs, stack traces, system performance data, etc.
In general, machine-generated data can also include perfor-
mance data, diagnostic information, and many other types of
data that can be analyzed to diagnose performance problems,
monitor user interactions, and to derive other insights.

A number of tools are available to analyze machine data,
that is, machine-generated data. In order to reduce the size
of the potentially vast amount of machine data that may be
generated, many of these tools typically pre-process the data
based on anticipated data-analysis needs. For example,
pre-specified data items may be extracted from the machine
data and stored in a database to facilitate efficient retrieval
and analysis of those data items at search time. However, the
rest of the machine data typically is not saved and discarded
during pre-processing. As storage capacity becomes pro-
gressively cheaper and more plentiful, there are fewer incen-

10

15

20

25

30

35

40

45

4

tives to discard these portions of machine data and many
reasons to retain more of the data.

This plentiful storage capacity is presently making it
feasible to store massive quantities of minimally processed
machine data for later retrieval and analysis. In general,
storing minimally processed machine data and performing
analysis operations at search time can provide greater flex-
ibility because it enables an analyst to search all of the
machine data, instead of searching only a pre-specified set of
data items. This may enable an analyst to investigate dif-
ferent aspects of the machine data that previously were
unavailable for analysis.

However, analyzing and searching massive quantities of
machine data presents a number of challenges. For example,
a data center, servers, or network appliances may generate
many different types and formats of machine data (e.g.,
system logs, network packet data (e.g., wire data, etc.),
sensor data, application program data, error logs, stack
traces, system performance data, operating system data,
virtualization data, etc.) from thousands of different com-
ponents, which can collectively be very time-consuming to
analyze. In another example, mobile devices may generate
large amounts of information relating to data accesses,
application performance, operating system performance,
network performance, etc. There can be millions of mobile
devices that report these types of information.

These challenges can be addressed by using an event-
based data intake and query system, such as the SPLUNK®
ENTERPRISE system developed by Splunk Inc. of San
Francisco, Calif. The SPLUNK® ENTERPRISE system is
the leading platform for providing real-time operational
intelligence that enables organizations to collect, index, and
search machine-generated data from various websites, appli-
cations, servers, networks, and mobile devices that power
their businesses. The SPLUNK® ENTERPRISE system is
particularly useful for analyzing data which is commonly
found in system log files, network data, and other data input
sources. Although many of the techniques described herein
are explained with reference to a data intake and query
system similar to the SPLUNK® ENTERPRISE system,
these techniques are also applicable to other types of data
systems.

In the SPLUNK® ENTERPRISE system, machine-gen-
erated data are collected and stored as “events”. An event
comprises a portion of the machine-generated data and is
associated with a specific point in time. For example, events
may be derived from “time series data,” where the time
series data comprises a sequence of data points (e.g., per-
formance measurements from a computer system, etc.) that
are associated with successive points in time. In general,
each event can be associated with a timestamp that is derived
from the raw data in the event, determined through inter-
polation between temporally proximate events having
known timestamps, or determined based on other configur-
able rules for associating timestamps with events, etc.

In some instances, machine data can have a predefined
format, where data items with specific data formats are
stored at predefined locations in the data. For example, the
machine data may include data stored as fields in a database
table. In other instances, machine data may not have a
predefined format, that is, the data is not at fixed, predefined
locations, but the data does have repeatable patterns and is
not random. This means that some machine data can com-
prise various data items of different data types and that may
be stored at different locations within the data. For example,
when the data source is an operating system log, an event
can include one or more lines from the operating system log
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containing raw data that includes different types of perfor-
mance and diagnostic information associated with a specific
point in time.

Examples of components which may generate machine
data from which events can be derived include, but are not
limited to, web servers, application servers, databases, fire-
walls, routers, operating systems, and software applications
that execute on computer systems, mobile devices, sensors,
Internet of Things (IoT) devices, etc. The data generated by
such data sources can include, for example and without
limitation, server log files, activity log files, configuration
files, messages, network packet data, performance measure-
ments, sensor measurements, etc.

The SPLUNK® ENTERPRISE system uses flexible
schema to specify how to extract information from the event
data. A flexible schema may be developed and redefined as
needed. Note that a flexible schema may be applied to event
data “on the fly,” when it is needed (e.g., at search time,
index time, ingestion time, etc.). When the schema is not
applied to event data until search time it may be referred to
as a “late-binding schema.”

During operation, the SPLUNK® ENTERPRISE system
starts with raw input data (e.g., one or more system logs,
streams of network packet data, sensor data, application
program data, error logs, stack traces, system performance
data, etc.). The system divides this raw data into blocks (e.g.,
buckets of data, each associated with a specific time frame,
etc.), and parses the raw data to produce timestamped
events. The system stores the timestamped events in a data
store. The system enables users to run queries against the
stored data to, for example, retrieve events that meet criteria
specified in a query, such as containing certain keywords or
having specific values in defined fields. As used herein
throughout, data that is part of an event is referred to as
“event data”. In this context, the term “field” refers to a
location in the event data containing one or more values for
a specific data item. As will be described in more detail
herein, the fields are defined by extraction rules (e.g., regular
expressions) that derive one or more values from the portion
of raw machine data in each event that has a particular field
specified by an extraction rule. The set of values so produced
are semantically-related (such as IP address), even though
the raw machine data in each event may be in different
formats (e.g., semantically-related values may be in different
positions in the events derived from different sources).

As noted above, the SPLUNK® ENTERPRISE system
utilizes a late-binding schema to event data while perform-
ing queries on events. One aspect of a late-binding schema
is applying “extraction rules” to event data to extract values
for specific fields during search time. More specifically, the
extraction rules for a field can include one or more instruc-
tions that specify how to extract a value for the field from the
event data. An extraction rule can generally include any type
of instruction for extracting values from data in events. In
some cases, an extraction rule comprises a regular expres-
sion where a sequence of characters form a search pattern,
in which case the rule is referred to as a “regex rule.” The
system applies the regex rule to the event data to extract
values for associated fields in the event data by searching the
event data for the sequence of characters defined in the regex
rule.

In the SPLUNK® ENTERPRISE system, a field extractor
may be configured to automatically generate extraction rules
for certain field values in the events when the events are
being created, indexed, or stored, or possibly at a later time.
Alternatively, a user may manually define extraction rules
for fields using a variety of techniques. In contrast to a
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conventional schema for a database system, a late-binding
schema is not defined at data ingestion time. Instead, the
late-binding schema can be developed on an ongoing basis
until the time a query is actually executed. This means that
extraction rules for the fields in a query may be provided in
the query itself, or may be located during execution of the
query. Hence, as a user learns more about the data in the
events, the user can continue to refine the late-binding
schema by adding new fields, deleting fields, or modifying
the field extraction rules for use the next time the schema is
used by the system. Because the SPLUNK® ENTERPRISE
system maintains the underlying raw data and uses late-
binding schema for searching the raw data, it enables a user
to continue investigating and learn valuable insights about
the raw data.

In some embodiments, a common field name may be used
to reference two or more fields containing equivalent data
items, even though the fields may be associated with dif-
ferent types of events that possibly have different data
formats and different extraction rules. By enabling a com-
mon field name to be used to identify equivalent fields from
different types of events generated by disparate data sources,
the system facilitates use of a “common information model”
(CIM) across the disparate data sources (further discussed
with respect to FIG. 5).

2.0. Operating Environment

FIG. 1 illustrates a networked computer system 100 in
which an embodiment may be implemented. Those skilled in
the art would understand that FIG. 1 represents one example
of a networked computer system and other embodiments
may use different arrangements.

The networked computer system 100 comprises one or
more computing devices. These one or more computing
devices comprise any combination of hardware and software
configured to implement the various logical components
described herein. For example, the one or more computing
devices may include one or more memories that store
instructions for implementing the various components
described herein, one or more hardware processors config-
ured to execute the instructions stored in the one or more
memories, and various data repositories in the one or more
memories for storing data structures utilized and manipu-
lated by the various components.

In an embodiment, one or more client devices 102 are
coupled to one or more host devices 106 and a data intake
and query system 108 via one or more networks 104.
Networks 104 broadly represent one or more LANs, WANSs,
cellular networks (e.g., LTE, HSPA, 3G, and other cellular
technologies), and/or networks using any of wired, wireless,
terrestrial microwave, or satellite links, and may include the
public Internet.

2.1. Host Devices

In the illustrated embodiment, a system 100 includes one
or more host devices 106. Host devices 106 may broadly
include any number of computers, virtual machine instances,
and/or data centers that are configured to host or execute one
or more instances of host applications 114. In general, a host
device 106 may be involved, directly or indirectly, in pro-
cessing requests received from client devices 102. Each host
device 106 may comprise, for example, one or more of a
network device, a web server, an application server, a
database server, etc. A collection of host devices 106 may be
configured to implement a network-based service. For
example, a provider of a network-based service may con-
figure one or more host devices 106 and host applications
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114 (e.g., one or more web servers, application servers,
database servers, etc.) to collectively implement the net-
work-based application.

In general, client devices 102 communicate with one or
more host applications 114 to exchange information. The
communication between a client device 102 and a host
application 114 may, for example, be based on the Hypertext
Transfer Protocol (HTTP) or any other network protocol.
Content delivered from the host application 114 to a client
device 102 may include, for example, HTML documents,
media content, etc. The communication between a client
device 102 and host application 114 may include sending
various requests and receiving data packets. For example, in
general, a client device 102 or application running on a
client device may initiate communication with a host appli-
cation 114 by making a request for a specific resource (e.g.,
based on an HTTP request), and the application server may
respond with the requested content stored in one or more
response packets.

In the illustrated embodiment, one or more of host appli-
cations 114 may generate various types of performance data
during operation, including event logs, network data, sensor
data, and other types of machine-generated data. For
example, a host application 114 comprising a web server
may generate one or more web server logs in which details
of interactions between the web server and any number of
client devices 102 is recorded. As another example, a host
device 106 comprising a router may generate one or more
router logs that record information related to network traffic
managed by the router. As yet another example, a host
application 114 comprising a database server may generate
one or more logs that record information related to requests
sent from other host applications 114 (e.g., web servers or
application servers) for data managed by the database server.

2.2. Client Devices

Client devices 102 of FIG. 1 represent any computing
device capable of interacting with one or more host devices
106 via a network 104. Examples of client devices 102 may
include, without limitation, smart phones, tablet computers,
handheld computers, wearable devices, laptop computers,
desktop computers, servers, portable media players, gaming
devices, and so forth. In general, a client device 102 can
provide access to different content, for instance, content
provided by one or more host devices 106, etc. Each client
device 102 may comprise one or more client applications
110, described in more detail in a separate section herein-
after.

2.3. Client Device Applications

In an embodiment, each client device 102 may host or
execute one or more client applications 110 that are capable
of interacting with one or more host devices 106 via one or
more networks 104. For instance, a client application 110
may be or comprise a web browser that a user may use to
navigate to one or more websites or other resources provided
by one or more host devices 106. As another example, a
client application 110 may comprise a mobile application or
“app.” For example, an operator of a network-based service
hosted by one or more host devices 106 may make available
one or more mobile apps that enable users of client devices
102 to access various resources of the network-based ser-
vice. As yet another example, client applications 110 may
include background processes that perform various opera-
tions without direct interaction from a user. A client appli-
cation 110 may include a “plug-in” or “extension” to another
application, such as a web browser plug-in or extension.

In an embodiment, a client application 110 may include a
monitoring component 112. At a high level, the monitoring
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component 112 comprises a software component or other
logic that facilitates generating performance data related to
a client device’s operating state, including monitoring net-
work traffic sent and received from the client device and
collecting other device and/or application-specific informa-
tion. Monitoring component 112 may be an integrated
component of a client application 110, a plug-in, an exten-
sion, or any other type of add-on component. Monitoring
component 112 may also be a stand-alone process.

In one embodiment, a monitoring component 112 may be
created when a client application 110 is developed, for
example, by an application developer using a software
development kit (SDK). The SDK may include custom
monitoring code that can be incorporated into the code
implementing a client application 110. When the code is
converted to an executable application, the custom code
implementing the monitoring functionality can become part
of the application itself.

In some cases, an SDK or other code for implementing the
monitoring functionality may be offered by a provider of a
data intake and query system, such as a system 108. In such
cases, the provider of the system 108 can implement the
custom code so that performance data generated by the
monitoring functionality is sent to the system 108 to facili-
tate analysis of the performance data by a developer of the
client application or other users.

In an embodiment, the custom monitoring code may be
incorporated into the code of a client application 110 in a
number of different ways, such as the insertion of one or
more lines in the client application code that call or other-
wise invoke the monitoring component 112. As such, a
developer of a client application 110 can add one or more
lines of code into the client application 110 to trigger the
monitoring component 112 at desired points during execu-
tion of the application. Code that triggers the monitoring
component may be referred to as a monitor trigger. For
instance, a monitor trigger may be included at or near the
beginning of the executable code of the client application
110 such that the monitoring component 112 is initiated or
triggered as the application is launched, or included at other
points in the code that correspond to various actions of the
client application, such as sending a network request or
displaying a particular interface.

In an embodiment, the monitoring component 112 may
monitor one or more aspects of network traffic sent and/or
received by a client application 110. For example, the
monitoring component 112 may be configured to monitor
data packets transmitted to and/or from one or more host
applications 114. Incoming and/or outgoing data packets can
be read or examined to identify network data contained
within the packets, for example, and other aspects of data
packets can be analyzed to determine a number of network
performance statistics. Monitoring network traffic may
enable information to be gathered particular to the network
performance associated with a client application 110 or set
of applications.

In an embodiment, network performance data refers to
any type of data that indicates information about the network
and/or network performance. Network performance data
may include, for instance, a URL requested, a connection
type (e.g., HTTP, HTTPS, etc.), a connection start time, a
connection end time, an HTTP status code, request length,
response length, request headers, response headers, connec-
tion status (e.g., completion, response time(s), failure, etc.),
and the like. Upon obtaining network performance data
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indicating performance of the network, the network perfor-
mance data can be transmitted to a data intake and query
system 108 for analysis.

Upon developing a client application 110 that incorpo-
rates a monitoring component 112, the client application 110
can be distributed to client devices 102. Applications gen-
erally can be distributed to client devices 102 in any manner,
or they can be pre-loaded. In some cases, the application
may be distributed to a client device 102 via an application
marketplace or other application distribution system. For
instance, an application marketplace or other application
distribution system might distribute the application to a
client device based on a request from the client device to
download the application.

Examples of functionality that enables monitoring per-
formance of a client device are described in U.S. patent
application Ser. No. 14/524,748, entitled “UTILIZING
PACKET HEADERS TO MONITOR NETWORK TRAF-
FIC IN ASSOCIATION WITH A CLIENT DEVICE”, filed
on 27 Oct. 2014, and which is hereby incorporated by
reference in its entirety for all purposes.

In an embodiment, the monitoring component 112 may
also monitor and collect performance data related to one or
more aspects of the operational state of a client application
110 and/or client device 102. For example, a monitoring
component 112 may be configured to collect device perfor-
mance information by monitoring one or more client device
operations, or by making calls to an operating system and/or
one or more other applications executing on a client device
102 for performance information. Device performance
information may include, for instance, a current wireless
signal strength of the device, a current connection type and
network carrier, current memory performance information, a
geographic location of the device, a device orientation, and
any other information related to the operational state of the
client device.

In an embodiment, the monitoring component 112 may
also monitor and collect other device profile information
including, for example, a type of client device, a manufac-
turer and model of the device, versions of various software
applications installed on the device, and so forth.

In general, a monitoring component 112 may be config-
ured to generate performance data in response to a monitor
trigger in the code of a client application 110 or other
triggering application event, as described above, and to store
the performance data in one or more data records. Each data
record, for example, may include a collection of field-value
pairs, each field-value pair storing a particular item of
performance data in association with a field for the item. For
example, a data record generated by a monitoring compo-
nent 112 may include a “networklatency” field (not shown
in the Figure) in which a value is stored. This field indicates
a network latency measurement associated with one or more
network requests. The data record may include a “state” field
to store a value indicating a state of a network connection,
and so forth for any number of aspects of collected perfor-
mance data.

2.4. Data Server System

FIG. 2 depicts a block diagram of an exemplary data
intake and query system 108, similar to the SPLUNK®
ENTERPRISE system. System 108 includes one or more
forwarders 204 that receive data from a variety of input data
sources 202, and one or more indexers 206 that process and
store the data in one or more data stores 208. These
forwarders and indexers can comprise separate computer
systems, or may alternatively comprise separate processes
executing on one or more computer systems.
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Each data source 202 broadly represents a distinct source
of data that can be consumed by a system 108. Examples of
a data source 202 include, without limitation, data files,
directories of files, data sent over a network, event logs,
registries, etc.

During operation, the forwarders 204 identify which
indexers 206 receive data collected from a data source 202
and forward the data to the appropriate indexers. Forwarders
204 can also perform operations on the data before forward-
ing, including removing extraneous data, detecting time-
stamps in the data, parsing data, indexing data, routing data
based on criteria relating to the data being routed, and/or
performing other data transformations.

In an embodiment, a forwarder 204 may comprise a
service accessible to client devices 102 and host devices 106
via a network 104. For example, one type of forwarder 204
may be capable of consuming vast amounts of real-time data
from a potentially large number of client devices 102 and/or
host devices 106. The forwarder 204 may, for example,
comprise a computing device which implements multiple
data pipelines or “queues” to handle forwarding of network
data to indexers 206. A forwarder 204 may also perform
many of the functions that are performed by an indexer. For
example, a forwarder 204 may perform keyword extractions
on raw data or parse raw data to create events. A forwarder
204 may generate time stamps for events. Additionally or
alternatively, a forwarder 204 may perform routing of events
to indexers. Data store 208 may contain events derived from
machine data from a variety of sources all pertaining to the
same component in an IT environment, and this data may be
produced by the machine in question or by other compo-
nents in the IT environment.

2.5. Data Ingestion

FIG. 3 depicts a flow chart illustrating an example data
flow performed by Data Intake and Query system 108, in
accordance with the disclosed embodiments. The data flow
illustrated in FIG. 3 is provided for illustrative purposes
only; those skilled in the art would understand that one or
more of the steps of the processes illustrated in FIG. 3 may
be removed or the ordering of the steps may be changed.
Furthermore, for the purposes of illustrating a clear example,
one or more particular system components are described in
the context of performing various operations during each of
the data flow stages. For example, a forwarder is described
as receiving and processing data during an input phase; an
indexer is described as parsing and indexing data during
parsing and indexing phases; and a search head is described
as performing a search query during a search phase. How-
ever, other system arrangements and distributions of the
processing steps across system components may be used.

2.5.1. Input

At block 302, a forwarder receives data from an input
source, such as a data source 202 shown in FIG. 2. A
forwarder initially may receive the data as a raw data stream
generated by the input source. For example, a forwarder may
receive a data stream from a log file generated by an
application server, from a stream of network data from a
network device, or from any other source of data. In one
embodiment, a forwarder receives the raw data and may
segment the data stream into “blocks”, or “buckets,” possi-
bly of a uniform data size, to facilitate subsequent process-
ing steps.

At block 304, a forwarder or other system component
annotates each block generated from the raw data with one
or more metadata fields. These metadata fields may, for
example, provide information related to the data block as a
whole and may apply to each event that is subsequently
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derived from the data in the data block. For example, the
metadata fields may include separate fields specifying each
of a host, a source, and a source type related to the data
block. A host field may contain a value identifying a host
name or [P address of a device that generated the data. A
source field may contain a value identifying a source of the
data, such as a pathname of a file or a protocol and port
related to received network data. A source type field may
contain a value specifying a particular source type label for
the data. Additional metadata fields may also be included
during the input phase, such as a character encoding of the
data, if known, and possibly other values that provide
information relevant to later processing steps. In an embodi-
ment, a forwarder forwards the annotated data blocks to
another system component (typically an indexer) for further
processing.

The SPLUNK® ENTERPRISE system allows forwarding
of data from one SPLUNK® ENTERPRISE instance to
another, or even to a third-party system. SPLUNK®
ENTERPRISE system can employ different types of for-
warders in a configuration.

In an embodiment, a forwarder may contain the essential
components needed to forward data. It can gather data from
a variety of inputs and forward the data to a SPLUNK®
ENTERPRISE server for indexing and searching. It also can
tag metadata (e.g., source, source type, host, etc.).

Additionally or optionally, in an embodiment, a forwarder
has the capabilities of the aforementioned forwarder as well
as additional capabilities. The forwarder can parse data
before forwarding the data (e.g., associate a time stamp with
a portion of data and create an event, etc.) and can route data
based on criteria such as source or type of event. It can also
index data locally while forwarding the data to another
indexer.

2.5.2. Parsing

At block 306, an indexer receives data blocks from a
forwarder and parses the data to organize the data into
events. In an embodiment, to organize the data into events,
an indexer may determine a source type associated with each
data block (e.g., by extracting a source type label from the
metadata fields associated with the data block, etc.) and refer
to a source type configuration corresponding to the identified
source type. The source type definition may include one or
more properties that indicate to the indexer to automatically
determine the boundaries of events within the data. In
general, these properties may include regular expression-
based rules or delimiter rules where, for example, event
boundaries may be indicated by predefined characters or
character strings. These predefined characters may include
punctuation marks or other special characters including, for
example, carriage returns, tabs, spaces, line breaks, etc. If a
source type for the data is unknown to the indexer, an
indexer may infer a source type for the data by examining
the structure of the data. Then, it can apply an inferred
source type definition to the data to create the events.

Atblock 308, the indexer determines a timestamp for each
event. Similar to the process for creating events, an indexer
may again refer to a source type definition associated with
the data to locate one or more properties that indicate
instructions for determining a timestamp for each event. The
properties may, for example, instruct an indexer to extract a
time value from a portion of data in the event, to interpolate
time values based on timestamps associated with temporally
proximate events, to create a timestamp based on a time the
event data was received or generated, to use the timestamp
of a previous event, or use any other rules for determining
timestamps.
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At block 310, the indexer associates with each event one
or more metadata fields including a field containing the
timestamp (in some embodiments, a timestamp may be
included in the metadata fields) determined for the event.
These metadata fields may include a number of “default
fields” that are associated with all events, and may also
include one more custom fields as defined by a user. Similar
to the metadata fields associated with the data blocks at
block 304, the default metadata fields associated with each
event may include a host, source, and source type field
including or in addition to a field storing the timestamp.

At block 312, an indexer may optionally apply one or
more transformations to data included in the events created
at block 306. For example, such transformations can include
removing a portion of an event (e.g., a portion used to define
event boundaries, extraneous characters from the event,
other extraneous text, etc.), masking a portion of an event
(e.g., masking a credit card number), removing redundant
portions of an event, etc. The transformations applied to
event data may, for example, be specified in one or more
configuration files and referenced by one or more source
type definitions.

2.5.3. Indexing

At blocks 314 and 316, an indexer can optionally generate
a keyword index to facilitate fast keyword searching for
event data. To build a keyword index, at block 314, the
indexer identifies a set of keywords in each event. At block
316, the indexer includes the identified keywords in an
index, which associates each stored keyword with reference
pointers to events containing that keyword (or to locations
within events where that keyword is located, other location
identifiers, etc.). When an indexer subsequently receives a
keyword-based query, the indexer can access the keyword
index to quickly identify events containing the keyword.

In some embodiments, the keyword index may include
entries for name-value pairs found in events, where a
name-value pair can include a pair of keywords connected
by a symbol, such as an equals sign or colon. This way,
events containing these name-value pairs can be quickly
located. In some embodiments, fields can automatically be
generated for some or all of the name-value pairs at the time
of indexing. For example, if the string “dest=10.0.1.2" is
found in an event, a field named “dest” may be created for
the event, and assigned a value of “10.0.1.2”.

At block 318, the indexer stores the events with an
associated timestamp in a data store 208. Timestamps enable
a user to search for events based on a time range. In one
embodiment, the stored events are organized into “buckets,”
where each bucket stores events associated with a specific
time range based on the timestamps associated with each
event. This may not only improve time-based searching, but
also allows for events with recent timestamps, which may
have a higher likelihood of being accessed, to be stored in
a faster memory to facilitate faster retrieval. For example,
buckets containing the most recent events can be stored in
flash memory rather than on a hard disk.

Each indexer 206 may be responsible for storing and
searching a subset of the events contained in a correspond-
ing data store 208. By distributing events among the index-
ers and data stores, the indexers can analyze events for a
query in parallel. For example, using map-reduce tech-
niques, each indexer returns partial responses for a subset of
events to a search head that combines the results to produce
an answer for the query. By storing events in buckets for
specific time ranges, an indexer may further optimize data
retrieval process by searching buckets corresponding to time
ranges that are relevant to a query.
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Moreover, events and buckets can also be replicated
across different indexers and data stores to facilitate high
availability and disaster recovery as described in U.S. patent
application Ser. No. 14/266,812, entitled “SITE-BASED
SEARCH AFFINITY™, filed on 30 Apr. 2014, and in U.S.
patent application Ser. No. 14/266,817, entitled “MULTI-
SITE CLUSTERING”, also filed on 30 Apr. 2014, each of
which is hereby incorporated by reference in its entirety for
all purposes.

2.6. Query Processing

FIG. 4 is a flow diagram that illustrates an exemplary
process that a search head and one or more indexers may
perform during a search query. At block 402, a search head
receives a search query from a client. At block 404, the
search head analyzes the search query to determine what
portion(s) of the query can be delegated to indexers and what
portions of the query can be executed locally by the search
head. At block 406, the search head distributes the deter-
mined portions of the query to the appropriate indexers. In
an embodiment, a search head cluster may take the place of
an independent search head where each search head in the
search head cluster coordinates with peer search heads in the
search head cluster to schedule jobs, replicate search results,
update configurations, fulfill search requests, etc. In an
embodiment, the search head (or each search head) com-
municates with a master node (also known as a cluster
master, not shown in FIG.) that provides the search head
with a list of indexers to which the search head can distribute
the determined portions of the query. The master node
maintains a list of active indexers and can also designate
which indexers may have responsibility for responding to
queries over certain sets of events. A search head may
communicate with the master node before the search head
distributes queries to indexers to discover the addresses of
active indexers.

At block 408, the indexers to which the query was
distributed, search data stores associated with them for
events that are responsive to the query. To determine which
events are responsive to the query, the indexer searches for
events that match the criteria specified in the query. These
criteria can include matching keywords or specific values for
certain fields. The searching operations at block 408 may use
the late-binding schema to extract values for specified fields
from events at the time the query is processed. In an
embodiment, one or more rules for extracting field values
may be specified as part of a source type definition. The
indexers may then either send the relevant events back to the
search head, or use the events to determine a partial result,
and send the partial result back to the search head.

At block 410, the search head combines the partial results
and/or events received from the indexers to produce a final
result for the query. This final result may comprise different
types of data depending on what the query requested. For
example, the results can include a listing of matching events
returned by the query, or some type of visualization of the
data from the returned events. In another example, the final
result can include one or more calculated values derived
from the matching events.

The results generated by the system 108 can be returned
to a client using different techniques. For example, one
technique streams results or relevant events back to a client
in real-time as they are identified. Another technique waits
to report the results to the client until a complete set of
results (which may include a set of relevant events or a result
based on relevant events) is ready to return to the client. Yet
another technique streams interim results or relevant events
back to the client in real-time until a complete set of results
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is ready, and then returns the complete set of results to the
client. In another technique, certain results are stored as
“search jobs” and the client may retrieve the results by
referring the search jobs.

The search head can also perform various operations to
make the search more efficient. For example, before the
search head begins execution of a query, the search head can
determine a time range for the query and a set of common
keywords that all matching events include. The search head
may then use these parameters to query the indexers to
obtain a superset of the eventual results. Then, during a
filtering stage, the search head can perform field-extraction
operations on the superset to produce a reduced set of search
results. This speeds up queries that are performed on a
periodic basis.

2.7. Field Extraction

The search head 210 allows users to search and visualize
event data extracted from raw machine data received from
homogenous data sources. It also allows users to search and
visualize event data extracted from raw machine data
received from heterogeneous data sources. The search head
210 includes various mechanisms, which may additionally
reside in an indexer 206, for processing a query. Splunk
Processing Language (SPL), used in conjunction with the
SPLUNK® ENTERPRISE system, can be utilized to make
a query. SPL is a pipelined search language in which a set
of inputs is operated on by a first command in a command
line, and then a subsequent command following the pipe
symbol “I” operates on the results produced by the first
command, and so on for additional commands. Other query
languages, such as the Structured Query Language (“SQL”),
can be used to create a query.

In response to receiving the search query, search head 210
uses extraction rules to extract values for the fields associ-
ated with a field or fields in the event data being searched.
The search head 210 obtains extraction rules that specify
how to extract a value for certain fields from an event.
Extraction rules can comprise regex rules that specify how
to extract values for the relevant fields. In addition to
specifying how to extract field values, the extraction rules
may also include instructions for deriving a field value by
performing a function on a character string or value
retrieved by the extraction rule. For example, a transforma-
tion rule may truncate a character string, or convert the
character string into a different data format. In some cases,
the query itself can specify one or more extraction rules.

The search head 210 can apply the extraction rules to
event data that it receives from indexers 206. Indexers 206
may apply the extraction rules to events in an associated data
store 208. Extraction rules can be applied to all the events in
a data store, or to a subset of the events that have been
filtered based on some criteria (e.g., event time stamp
values, etc.). Extraction rules can be used to extract one or
more values for a field from events by parsing the event data
and examining the event data for one or more patterns of
characters, numbers, delimiters, etc., that indicate where the
field begins and, optionally, ends.

FIG. 5 illustrates an example of raw machine data
received from disparate data sources. In this example, a user
submits an order for merchandise using a vendor’s shopping
application program 501 running on the user’s system. In
this example, the order was not delivered to the vendor’s
server due to a resource exception at the destination server
that is detected by the middleware code 502. The user then
sends a message to the customer support 503 to complain
about the order failing to complete. The three systems 501,
502, and 503 are disparate systems that do not have a
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common logging format. The order application 501 sends
log data 504 to the SPLUNK® ENTERPRISE system in one
format, the middleware code 502 sends error log data 505 in
a second format, and the support server 503 sends log data
506 in a third format.

Using the log data received at one or more indexers 206
from the three systems the vendor can uniquely obtain an
insight into user activity, user experience, and system behav-
ior. The search head 210 allows the vendor’s administrator
to search the log data from the three systems that one or
more indexers 206 are responsible for searching, thereby
obtaining correlated information, such as the order number
and corresponding customer ID number of the person plac-
ing the order. The system also allows the administrator to see
a visualization of related events via a user interface. The
administrator can query the search head 210 for customer ID
field value matches across the log data from the three
systems that are stored at the one or more indexers 206. The
customer ID field value exists in the data gathered from the
three systems, but the customer ID field value may be
located in different areas of the data given differences in the
architecture of the systems—there is a semantic relationship
between the customer ID field values generated by the three
systems. The search head 210 requests event data from the
one or more indexers 206 to gather relevant event data from
the three systems. It then applies extraction rules to the event
data in order to extract field values that it can correlate. The
search head may apply a different extraction rule to each set
of events from each system when the event data format
differs among systems. In this example, the user interface
can display to the administrator the event data corresponding
to the common customer ID field values 507, 508, and 509,
thereby providing the administrator with insight into a
customer’s experience.

Note that query results can be returned to a client, a search
head, or any other system component for further processing.
In general, query results may include a set of one or more
events, a set of one or more values obtained from the events,
a subset of the values, statistics calculated based on the
values, a report containing the values, or a visualization,
such as a graph or chart, generated from the values.

2.8. Example Search Screen

FIG. 6A illustrates an example search screen 600 in
accordance with the disclosed embodiments. Search screen
600 includes a search bar 602 that accepts user input in the
form of a search string. It also includes a time range picker
612 that enables the user to specify a time range for the
search. For “historical searches™ the user can select a spe-
cific time range, or alternatively a relative time range, such
as “today,” “yesterday” or “last week.” For ‘“real-time
searches,” the user can select the size of a preceding time
window to search for real-time events. Search screen 600
also initially displays a “data summary” dialog as is illus-
trated in FIG. 6B that enables the user to select different
sources for the event data, such as by selecting specific hosts
and log files.

After the search is executed, the search screen 600 in FIG.
6A can display the results through search results tabs 604,
wherein search results tabs 604 includes: an “events tab”
that displays various information about events returned by
the search; a “statistics tab” that displays statistics about the
search results; and a “visualization tab” that displays various
visualizations of the search results. The events tab illustrated
in FIG. 6A displays a timeline graph 605 that graphically
illustrates the number of events that occurred in one-hour
intervals over the selected time range. It also displays an
events list 608 that enables a user to view the raw data in
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each of the returned events. It additionally displays a fields
sidebar 606 that includes statistics about occurrences of
specific fields in the returned events, including “selected
fields” that are pre-selected by the user, and “interesting
fields” that are automatically selected by the system based
on pre-specified criteria.

2.9. Data Models

A data model is a hierarchically structured search-time
mapping of semantic knowledge about one or more datasets.
It encodes the domain knowledge necessary to build a
variety of specialized searches of those datasets. Those
searches, in turn, can be used to generate reports.

A data model is composed of one or more “objects” (or
“data model objects”) that define or otherwise correspond to
a specific set of data.

Objects in data models can be arranged hierarchically in
parent/child relationships. Each child object represents a
subset of the dataset covered by its parent object. The
top-level objects in data models are collectively referred to
as “root objects.”

Child objects have inheritance. Data model objects are
defined by characteristics that mostly break down into
constraints and attributes. Child objects inherit constraints
and attributes from their parent objects and have additional
constraints and attributes of their own. Child objects provide
away of filtering events from parent objects. Because a child
object always provides an additional constraint in addition to
the constraints it has inherited from its parent object, the
dataset it represents is always a subset of the dataset that its
parent represents.

For example, a first data model object may define a broad
set of data pertaining to e-mail activity generally, and
another data model object may define specific datasets
within the broad dataset, such as a subset of the e-mail data
pertaining specifically to e-mails sent. Examples of data
models can include electronic mail, authentication, data-
bases, intrusion detection, malware, application state, alerts,
compute inventory, network sessions, network traffic, per-
formance, audits, updates, vulnerabilities, etc. Data models
and their objects can be designed by knowledge managers in
an organization, and they can enable downstream users to
quickly focus on a specific set of data. For example, a user
can simply select an “e-mail activity” data model object to
access a dataset relating to e-mails generally (e.g., sent or
received), or select an “e-mails sent” data model object (or
data sub-model object) to access a dataset relating to e-mails
sent.

A data model object may be defined by (1) a set of search
constraints, and (2) a set of fields. Thus, a data model object
can be used to quickly search data to identify a set of events
and to identify a set of fields to be associated with the set of
events. For example, an “e-mails sent” data model object
may specity a search for events relating to e-mails that have
been sent, and specify a set of fields that are associated with
the events. Thus, a user can retrieve and use the “e-mails
sent” data model object to quickly search source data for
events relating to sent e-mails, and may be provided with a
listing of the set of fields relevant to the events in a user
interface screen.

A child of the parent data model may be defined by a
search (typically a narrower search) that produces a subset
of the events that would be produced by the parent data
model’s search. The child’s set of fields can include a subset
of'the set of fields of the parent data model and/or additional
fields. Data model objects that reference the subsets can be
arranged in a hierarchical manner, so that child subsets of
events are proper subsets of their parents. A user iteratively
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applies a model development tool (not shown in FIG.) to
prepare a query that defines a subset of events and assigns
an object name to that subset. A child subset is created by
further limiting a query that generated a parent subset. A
late-binding schema of field extraction rules is associated
with each object or subset in the data model.

Data definitions in associated schemas can be taken from
the common information model (CIM) or can be devised for
a particular schema and optionally added to the CIM. Child
objects inherit fields from parents and can include fields not
present in parents. A model developer can select fewer
extraction rules than are available for the sources returned
by the query that defines events belonging to a model.
Selecting a limited set of extraction rules can be a tool for
simplifying and focusing the data model, while allowing a
user flexibility to explore the data subset. Development of a
data model is further explained in U.S. Pat. Nos. 8,788,525
and 8,788,526, both entitled “DATA MODEL FOR
MACHINE DATA FOR SEMANTIC SEARCH”, both
issued on 22 Jul. 2014, U.S. Pat. No. 8,983,994, entitled
“GENERATION OF A DATA MODEL FOR SEARCHING
MACHINE DATA”, issued on 17 Mar. 2015, U.S. patent
application Ser. No. 14/611,232, entitled “GENERATION
OF A DATA MODEL APPLIED TO QUERIES”, filed on 31
Jan. 2015, and U.S. patent application Ser. No. 14/815,884,
entitled “GENERATION OF A DATA MODEL APPLIED
TO OBIJECT QUERIES”, filed on 31 Jul. 2015, each of
which is hereby incorporated by reference in its entirety for
all purposes. See, also, Knowledge Manager Manual, Build
a Data Model, Splunk Enterprise 6.1.3 pp. 150-204 (Aug.
25, 2014).

A data model can also include reports. One or more report
formats can be associated with a particular data model and
be made available to run against the data model. A user can
use child objects to design reports with object datasets that
already have extraneous data pre-filtered out. In an embodi-
ment, the data intake and query system 108 provides the user
with the ability to produce reports (e.g., a table, chart,
visualization, etc.) without having to enter SPL, SQL, or
other query language terms into a search screen. Data
models are used as the basis for the search feature.

Data models may be seclected in a report generation
interface. The report generator supports drag-and-drop orga-
nization of fields to be summarized in a report. When a
model is selected, the fields with available extraction rules
are made available for use in the report. The user may refine
and/or filter search results to produce more precise reports.
The user may select some fields for organizing the report and
select other fields for providing detail according to the report
organization. For example, “region” and “salesperson” are
fields used for organizing the report and sales data can be
summarized (subtotaled and totaled) within this organiza-
tion. The report generator allows the user to specify one or
more fields within events and apply statistical analysis on
values extracted from the specified one or more fields. The
report generator may aggregate search results across sets of
events and generate statistics based on aggregated search
results. Building reports using the report generation inter-
face is further explained in U.S. patent application Ser. No.
14/503,335, entitled “GENERATING REPORTS FROM
UNSTRUCTURED DATA”, filed on 30 Sep. 2014, and
which is hereby incorporated by reference in its entirety for
all purposes, and in Pivot Manual, Splunk Enterprise 6.1.3
(Aug. 4, 2014). Data visualizations also can be generated in
a variety of formats, by reference to the data model. Reports,
data visualizations, and data model objects can be saved and
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associated with the data model for future use. The data
model object may be used to perform searches of other data.

FIGS. 12, 13, and 7A-7D illustrate a series of user
interface screens where a user may select report generation
options using data models. The report generation process
may be driven by a predefined data model object, such as a
data model object defined and/or saved via a reporting
application or a data model object obtained from another
source. A user can load a saved data model object using a
report editor. For example, the initial search query and fields
used to drive the report editor may be obtained from a data
model object. The data model object that is used to drive a
report generation process may define a search and a set of
fields. Upon loading of the data model object, the report
generation process may enable a user to use the fields (e.g.,
the fields defined by the data model object) to define criteria
for areport (e.g., filters, split rows/columns, aggregates, etc.)
and the search may be used to identify events (e.g., to
identify events responsive to the search) used to generate the
report. That is, for example, if a data model object is selected
to drive a report editor, the graphical user interface of the
report editor may enable a user to define reporting criteria
for the report using the fields associated with the selected
data model object, and the events used to generate the report
may be constrained to the events that match, or otherwise
satisty, the search constraints of the selected data model
object.

The selection of a data model object for use in driving a
report generation may be facilitated by a data model object
selection interface. FIG. 12 illustrates an example interactive
data model selection graphical user interface 1200 of a
report editor that displays a listing of available data models
1201. The user may select one of the data models 1202.

FIG. 13 illustrates an example data model object selection
graphical user interface 1300 that displays available data
objects 1301 for the selected data object model 1202. The
user may select one of the displayed data model objects 1302
for use in driving the report generation process.

Once a data model object is selected by the user, a user
interface screen 700 shown in FIG. 7A may display an
interactive listing of automatic field identification options
701 based on the selected data model object. For example,
auser may select one of the three illustrated options (e.g., the
“All Fields” option 702, the “Selected Fields” option 703, or
the “Coverage” option (e.g., fields with at least a specified
% of coverage) 704). If the user selects the “All Fields”
option 702, all of the fields identified from the events that
were returned in response to an initial search query may be
selected. That is, for example, all of the fields of the
identified data model object fields may be selected. If the
user selects the “Selected Fields” option 703, only the fields
from the fields of the identified data model object fields that
are selected by the user may be used. If the user selects the
“Coverage” option 704, only the fields of the identified data
model object fields meeting a specified coverage criteria
may be selected. A percent coverage may refer to the
percentage of events returned by the initial search query that
a given field appears in. Thus, for example, if an object
dataset includes 10,000 events returned in response to an
initial search query, and the “avg_age” field appears in 854
of'those 10,000 events, then the “avg_age” field would have
a coverage of 8.54% for that object dataset. If, for example,
the user selects the “Coverage” option and specifies a
coverage value of 2%, only fields having a coverage value
equal to or greater than 2% may be selected. The number of
fields corresponding to each selectable option may be dis-
played in association with each option. For example, “97”
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displayed next to the “All Fields” option 702 indicates that
97 fields will be selected if the “All Fields” option is
selected. The “3” displayed next to the “Selected Fields”
option 703 indicates that 3 of the 97 fields will be selected
if the “Selected Fields” option is selected. The “49 dis-
played next to the “Coverage” option 704 indicates that 49
of the 97 fields (e.g., the 49 fields having a coverage of 2%
or greater) will be selected if the “Coverage” option is
selected. The number of fields corresponding to the “Cov-
erage” option may be dynamically updated based on the
specified percent of coverage.

FIG. 7B illustrates an example graphical user interface
screen (also called the pivot interface) 705 displaying the
reporting application’s “Report Editor” page. The screen
may display interactive elements for defining various ele-
ments of a report. For example, the page includes a “Filters”
element 706, a “Split Rows” element 707, a “Split Columns”
element 708, and a “Column Values” element 709. The page
may include a list of search results 711. In this example, the
Split Rows element 707 is expanded, revealing a listing of
fields 710 that can be used to define additional criteria (e.g.,
reporting criteria). The listing of fields 710 may correspond
to the selected fields (attributes). That is, the listing of fields
710 may list only the fields previously selected, either
automatically and/or manually by a user. FIG. 7C illustrates
a formatting dialogue 712 that may be displayed upon
selecting a field from the listing of fields 710. The dialogue
can be used to format the display of the results of the
selection (e.g., label the column to be displayed as “com-
ponent™).

FIG. 7D illustrates an example graphical user interface
screen 705 including a table of results 713 based on the
selected criteria including splitting the rows by the “com-
ponent” field. A column 714 having an associated count for
each component listed in the table may be displayed that
indicates an aggregate count of the number of times that the
particular field-value pair (e.g., the value in a row) occurs in
the set of events responsive to the initial search query.

FIG. 14 illustrates an example graphical user interface
screen 1400 that allows the user to filter search results and
to perform statistical analysis on values extracted from
specific fields in the set of events. In this example, the top
ten product names ranked by price are selected as a filter
1401 that causes the display of the ten most popular products
sorted by price. Each row is displayed by product name and
price 1402. This results in each product displayed in a
column labeled “product name” along with an associated
price in a column labeled “price” 1406. Statistical analysis
of other fields in the events associated with the ten most
popular products have been specified as column values
1403. A count of the number of successful purchases for
each product is displayed in column 1404. This statistics
may be produced by filtering the search results by the
product name, finding all occurrences of a successful pur-
chase in a field within the events and generating a total of the
number of occurrences. A sum of the total sales is displayed
in column 1405, which is a result of the multiplication of the
price and the number of successful purchases for each
product.

The reporting application allows the user to create graphi-
cal visualizations of the statistics generated for a report. For
example, FIG. 15 illustrates an example graphical user
interface 1500 that displays a set of components and asso-
ciated statistics 1501. The reporting application allows the
user to select a visualization of the statistics in a graph (e.g.,
bar chart, scatter plot, area chart, line chart, pie chart, radial
gauge, marker gauge, filler gauge, etc.). FIG. 16 illustrates
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an example of a bar chart visualization 1600 of an aspect of
the statistical data 1501. FIG. 17 illustrates a scatter plot
visualization 1700 of an aspect of the statistical data 1501.

2.10. Acceleration Technique

The above-described system provides significant flexibil-
ity by enabling a user to analyze massive quantities of
minimally processed data “on the fly” at search time instead
of storing pre-specified portions of the data in a database at
ingestion time. This flexibility enables a user to see valuable
insights, correlate data, and perform subsequent queries to
examine interesting aspects of the data that may not have
been apparent at ingestion time.

However, performing extraction and analysis operations
at search time can involve a large amount of data and require
a large number of computational operations, which can
cause delays in processing the queries. Advantageously,
SPLUNK® ENTERPRISE system employs a number of
unique acceleration techniques that have been developed to
speed up analysis operations performed at search time.
These techniques include: (1) performing search operations
in parallel across multiple indexers; (2) using a keyword
index; (3) using a high performance analytics store; and (4)
accelerating the process of generating reports. These novel
techniques are described in more detail below.

2.10.1. Aggregation Technique

To facilitate faster query processing, a query can be
structured such that multiple indexers perform the query in
parallel, while aggregation of search results from the mul-
tiple indexers is performed locally at the search head. For
example, FIG. 8 illustrates how a search query 802 received
from a client at a search head 210 can split into two phases,
including: (1) subtasks 804 (e.g., data retrieval or simple
filtering) that may be performed in parallel by indexers 206
for execution, and (2) a search results aggregation operation
806 to be executed by the search head when the results are
ultimately collected from the indexers.

During operation, upon receiving search query 802, a
search head 210 determines that a portion of the operations
involved with the search query may be performed locally by
the search head. The search head modifies search query 802
by substituting “stats” (create aggregate statistics over
results sets received from the indexers at the search head)
with “prestats™ (create statistics by the indexer from local
results set) to produce search query 804, and then distributes
search query 804 to distributed indexers, which are also
referred to as “search peers.” Note that search queries may
generally specify search criteria or operations to be per-
formed on events that meet the search criteria. Search
queries may also specify field names, as well as search
criteria for the values in the fields or operations to be
performed on the values in the fields. Moreover, the search
head may distribute the full search query to the search peers
as illustrated in FIG. 4, or may alternatively distribute a
modified version (e.g., a more restricted version) of the
search query to the search peers. In this example, the
indexers are responsible for producing the results and send-
ing them to the search head. After the indexers return the
results to the search head, the search head aggregates the
received results 806 to form a single search result set. By
executing the query in this manner, the system effectively
distributes the computational operations across the indexers
while minimizing data transfers.

2.10.2. Keyword Index

As described above with reference to the flow charts in
FIG. 3 and FIG. 4, data intake and query system 108 can
construct and maintain one or more keyword indices to
quickly identify events containing specific keywords. This
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technique can greatly speed up the processing of queries
involving specific keywords. As mentioned above, to build
a keyword index, an indexer first identifies a set of key-
words. Then, the indexer includes the identified keywords in
an index, which associates each stored keyword with refer-
ences to events containing that keyword, or to locations
within events where that keyword is located. When an
indexer subsequently receives a keyword-based query, the
indexer can access the keyword index to quickly identify
events containing the keyword.

2.10.3. High Performance Analytics Store

To speed up certain types of queries, some embodiments
of system 108 create a high performance analytics store,
which is referred to as a “summarization table,” that contains
entries for specific field-value pairs. Each of these entries
keeps track of instances of a specific value in a specific field
in the event data and includes references to events contain-
ing the specific value in the specific field. For example, an
example entry in a summarization table can keep track of
occurrences of the value “94107” in a “ZIP code” field of a
set of events and the entry includes references to all of the
events that contain the value “94107” in the ZIP code field.
This optimization technique enables the system to quickly
process queries that seek to determine how many events
have a particular value for a particular field. To this end, the
system can examine the entry in the summarization table to
count instances of the specific value in the field without
having to go through the individual events or perform data
extractions at search time. Also, if the system needs to
process all events that have a specific field-value combina-
tion, the system can use the references in the summarization
table entry to directly access the events to extract further
information without having to search all of the events to find
the specific field-value combination at search time.

In some embodiments, the system maintains a separate
summarization table for each of the above-described time-
specific buckets that stores events for a specific time range.
A bucket-specific summarization table includes entries for
specific field-value combinations that occur in events in the
specific bucket. Alternatively, the system can maintain a
separate summarization table for each indexer. The indexer-
specific summarization table includes entries for the events
in a data store that are managed by the specific indexer.
Indexer-specific summarization tables may also be bucket-
specific.

The summarization table can be populated by running a
periodic query that scans a set of events to find instances of
a specific field-value combination, or alternatively instances
of all field-value combinations for a specific field. A periodic
query can be initiated by a user, or can be scheduled to occur
automatically at specific time intervals. A periodic query can
also be automatically launched in response to a query that
asks for a specific field-value combination.

In some cases, when the summarization tables may not
cover all of the events that are relevant to a query, the system
can use the summarization tables to obtain partial results for
the events that are covered by summarization tables, but may
also have to search through other events that are not covered
by the summarization tables to produce additional results.
These additional results can then be combined with the
partial results to produce a final set of results for the query.
The summarization table and associated techniques are
described in more detail in U.S. Pat. No. 8,682,925, entitled
“DISTRIBUTED HIGH PERFORMANCE ANALYTICS
STORE”, issued on 25 Mar. 2014, U.S. patent application
Ser. No. 14/170,159, entitled “SUPPLEMENTING A HIGH
PERFORMANCE ANALYTICS STORE WITH EVALUA-
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TION OF INDIVIDUAL EVENTS TO RESPOND TO AN
EVENT QUERY”, filed on 31 Jan. 2014, and U.S. patent
application Ser. No. 14/815,973, entitled “STORAGE
MEDIUM AND CONTROL DEVICE”, filed on 21 Feb.
2014, each of which is hereby incorporated by reference in
its entirety.

2.10.4. Accelerating Report Generation

In some embodiments, a data server system such as the
SPLUNK® ENTERPRISE system can accelerate the pro-
cess of periodically generating updated reports based on
query results. To accelerate this process, a summarization
engine automatically examines the query to determine
whether generation of updated reports can be accelerated by
creating intermediate summaries. If reports can be acceler-
ated, the summarization engine periodically generates a
summary covering data obtained during a latest non-over-
lapping time period. For example, where the query seeks
events meeting a specified criteria, a summary for the time
period includes only events within the time period that meet
the specified criteria. Similarly, if the query secks statistics
calculated from the events, such as the number of events that
match the specified criteria, then the summary for the time
period includes the number of events in the period that
match the specified criteria.

In addition to the creation of the summaries, the summa-
rization engine schedules the periodic updating of the report
associated with the query. During each scheduled report
update, the query engine determines whether intermediate
summaries have been generated covering portions of the
time period covered by the report update. If so, then the
report is generated based on the information contained in the
summaries. Also, if additional event data has been received
and has not yet been summarized, and is required to generate
the complete report, the query can be run on this additional
event data. Then, the results returned by this query on the
additional event data, along with the partial results obtained
from the intermediate summaries, can be combined to gen-
erate the updated report. This process is repeated each time
the report is updated. Alternatively, if the system stores
events in buckets covering specific time ranges, then the
summaries can be generated on a bucket-by-bucket basis.
Note that producing intermediate summaries can save the
work involved in re-running the query for previous time
periods, so advantageously only the newer event data needs
to be processed while generating an updated report. These
report acceleration techniques are described in more detail in
U.S. Pat. No. 8,589,403, entitled “COMPRESSED JOUR-
NALING IN EVENT TRACKING FILES FOR META-
DATA RECOVERY AND REPLICATION”, issued on 19
Nov. 2013, U.S. Pat. No. 8,412,696, entitled “REAL TIME
SEARCHING AND REPORTING”, issued on 2 Apr. 2011,
and U.S. Pat. Nos. 8,589,375 and 8,589,432, both also
entitled “REAL TIME SEARCHING AND REPORTING”,
both issued on 19 Nov. 2013, each of which is hereby
incorporated by reference in its entirety.

2.11. Security Features

The SPLUNK® ENTERPRISE platform provides various
schemas, dashboards and visualizations that simplify devel-
opers’ task to create applications with additional capabili-
ties. One such application is the SPLUNK® APP FOR
ENTERPRISE SECURITY, which performs monitoring and
alerting operations and includes analytics to facilitate iden-
tifying both known and unknown security threats based on
large volumes of data stored by the SPLUNK® ENTER-
PRISE system. SPLUNK® APP FOR ENTERPRISE
SECURITY provides the security practitioner with visibility
into security-relevant threats found in the enterprise infra-
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structure by capturing, monitoring, and reporting on data
from enterprise security devices, systems, and applications.
Through the use of SPLUNK® ENTERPRISE searching
and reporting capabilities, SPLUNK® APP FOR ENTER-
PRISE SECURITY provides a top-down and bottom-up
view of an organization’s security posture.

The SPLUNK® APP FOR ENTERPRISE SECURITY
leverages SPLUNK® ENTERPRISE search-time normal-
ization techniques, saved searches, and correlation searches
to provide visibility into security-relevant threats and activ-
ity and generate notable events for tracking. The App
enables the security practitioner to investigate and explore
the data to find new or unknown threats that do not follow
signature-based patterns.

Conventional Security Information and Event Manage-
ment (SIEM) systems that lack the infrastructure to effec-
tively store and analyze large volumes of security-related
data. Traditional SIEM systems typically use fixed schemas
to extract data from pre-defined security-related fields at
data ingestion time and storing the extracted data in a
relational database. This traditional data extraction process
(and associated reduction in data size) that occurs at data
ingestion time inevitably hampers future incident investiga-
tions that may need original data to determine the root cause
of a security issue, or to detect the onset of an impending
security threat.

In contrast, the SPLUNK® APP FOR ENTERPRISE
SECURITY system stores large volumes of minimally pro-
cessed security-related data at ingestion time for later
retrieval and analysis at search time when a live security
threat is being investigated. To facilitate this data retrieval
process, the SPLUNK® APP FOR ENTERPRISE SECU-
RITY provides pre-specified schemas for extracting relevant
values from the different types of security-related event data
and enables a user to define such schemas.

The SPLUNK® APP FOR ENTERPRISE SECURITY
can process many types of security-related information. In
general, this security-related information can include any
information that can be used to identify security threats. For
example, the security-related information can include net-
work-related information, such as IP addresses, domain
names, asset identifiers, network traffic volume, uniform
resource locator strings, and source addresses. The process
of detecting security threats for network-related information
is further described in U.S. Pat. No. 8,826,434, entitled
“SECURITY THREAT DETECTION BASED ON INDI-
CATIONS IN BIG DATA OF ACCESS TO NEWLY REG-
ISTERED DOMAINS”, issued on 2 Sep. 2014, U.S. patent
application Ser. No. 13/956,252, entitled “INVESTIGA-
TIVE AND DYNAMIC DETECTION OF POTENTIAL
SECURITY-THREAT INDICATORS FROM EVENTS IN
BIG DATA”, filed on 31 Jul. 2013, U.S. patent application
Ser. No. 14/445,018, entitled “GRAPHIC DISPLAY OF
SECURITY THREATS BASED ON INDICATIONS OF
ACCESS TONEWLY REGISTERED DOMAINS?”, filed on
28 Jul. 2014, U.S. patent application Ser. No. 14/445,023,
entitled “SECURITY THREAT DETECTION OF NEWLY
REGISTERED DOMAINS”, filed on 28 Jul. 2014, U.S.
patent application Ser. No. 14/815,971, entitled “SECU-
RITY THREAT DETECTION USING DOMAIN NAME
ACCESSES”, filed on 1 Aug. 2015, and U.S. patent appli-
cation Ser. No. 14/815,972, entitled “SECURITY THREAT
DETECTION USING DOMAIN NAME REGISTRA-
TIONS”, filed on 1 Aug. 2015, each of which is hereby
incorporated by reference in its entirety for all purposes.
Security-related information can also include malware
infection data and system configuration information, as well
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as access control information, such as login/logout informa-
tion and access failure notifications. The security-related
information can originate from various sources within a data
center, such as hosts, virtual machines, storage devices and
sensors. The security-related information can also originate
from various sources in a network, such as routers, switches,
email servers, proxy servers, gateways, firewalls and intru-
sion-detection systems.

During operation, the SPLUNK® APP FOR ENTER-
PRISE SECURITY facilitates detecting “notable events”
that are likely to indicate a security threat. These notable
events can be detected in a number of ways: (1) a user can
notice a correlation in the data and can manually identify a
corresponding group of one or more events as “notable;” or
(2) a user can define a “correlation search” specifying
criteria for a notable event, and every time one or more
events satisfy the criteria, the application can indicate that
the one or more events are notable. A user can alternatively
select a pre-defined correlation search provided by the
application. Note that correlation searches can be run con-
tinuously or at regular intervals (e.g., every hour) to search
for notable events. Upon detection, notable events can be
stored in a dedicated “notable events index,” which can be
subsequently accessed to generate various visualizations
containing security-related information. Also, alerts can be
generated to notify system operators when important notable
events are discovered.

The SPLUNK® APP FOR ENTERPRISE SECURITY
provides various visualizations to aid in discovering security
threats, such as a “key indicators view” that enables a user
to view security metrics, such as counts of different types of
notable events. For example, FIG. 9A illustrates an example
key indicators view 900 that comprises a dashboard, which
can display a value 901, for various security-related metrics,
such as malware infections 902. It can also display a change
in a metric value 903, which indicates that the number of
malware infections increased by 63 during the preceding
interval. Key indicators view 900 additionally displays a
histogram panel 904 that displays a histogram of notable
events organized by urgency values, and a histogram of
notable events organized by time intervals. This key indi-
cators view is described in further detail in pending U.S.
patent application Ser. No. 13/956,338, entitled “KEY INDI-
CATORS VIEW”, filed on 31 Jul. 2013, and which is hereby
incorporated by reference in its entirety for all purposes.

These visualizations can also include an “incident review
dashboard” that enables a user to view and act on “notable
events.” These notable events can include: (1) a single event
of high importance, such as any activity from a known web
attacker; or (2) multiple events that collectively warrant
review, such as a large number of authentication failures on
a host followed by a successful authentication. For example,
FIG. 9B illustrates an example incident review dashboard
910 that includes a set of incident attribute fields 911 that, for
example, enables a user to specify a time range field 912 for
the displayed events. It also includes a timeline 913 that
graphically illustrates the number of incidents that occurred
in time intervals over the selected time range. It additionally
displays an events list 914 that enables a user to view a list
of all of the notable events that match the criteria in the
incident attributes fields 911. To facilitate identifying pat-
terns among the notable events, each notable event can be
associated with an urgency value (e.g., low, medium, high,
critical), which is indicated in the incident review dash-
board. The urgency value for a detected event can be
determined based on the severity of the event and the
priority of the system component associated with the event.
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2.12. Data Center Monitoring

As mentioned above, the SPLUNK® ENTERPRISE plat-
form provides various features that simplify the developers’s
task to create various applications. One such application is
SPLUNK® APP FOR VMWARE® that provides opera-
tional visibility into granular performance metrics, logs,
tasks and events, and topology from hosts, virtual machines
and virtual centers. It empowers administrators with an
accurate real-time picture of the health of the environment,
proactively identifying performance and capacity bottle-
necks.

Conventional data-center-monitoring systems lack the
infrastructure to effectively store and analyze large volumes
of machine-generated data, such as performance information
and log data obtained from the data center. In conventional
data-center-monitoring systems, machine-generated data is
typically pre-processed prior to being stored, for example,
by extracting pre-specified data items and storing them in a
database to facilitate subsequent retrieval and analysis at
search time. However, the rest of the data is not saved and
discarded during pre-processing.

In contrast, the SPLUNK® APP FOR VMWARE® stores
large volumes of minimally processed machine data, such as
performance information and log data, at ingestion time for
later retrieval and analysis at search time when a live
performance issue is being investigated. In addition to data
obtained from various log files, this performance-related
information can include values for performance metrics
obtained through an application programming interface
(API) provided as part of the vSphere Hypervisor™ system
distributed by VMware, Inc. of Palo Alto, Calif. For
example, these performance metrics can include: (1) CPU-
related performance metrics; (2) disk-related performance
metrics; (3) memory-related performance metrics; (4) net-
work-related performance metrics; (5) energy-usage statis-
tics; (6) data-traffic-related performance metrics; (7) overall
system availability performance metrics; (8) cluster-related
performance metrics; and (9) virtual machine performance
statistics. Such performance metrics are described in U.S.
patent application Ser. No. 14/167,316, entitled “CORRE-
LATION FOR USER-SELECTED TIME RANGES OF
VALUES FOR PERFORMANCE METRICS OF COMPO-
NENTS IN AN INFORMATION-TECHNOLOGY ENVI-
RONMENT WITH LOG DATA FROM THAT INFORMA-
TION-TECHNOLOGY ENVIRONMENT”, filed on 29 Jan.
2014, and which is hereby incorporated by reference in its
entirety for all purposes.

To facilitate retrieving information of interest from per-
formance data and log files, the SPLUNK® APP FOR
VMWARE® provides pre-specified schemas for extracting
relevant values from different types of performance-related
event data, and also enables a user to define such schemas.

The SPLUNK® APP FOR VMWARE® additionally pro-
vides various visualizations to facilitate detecting and diag-
nosing the root cause of performance problems. For
example, one such visualization is a “proactive monitoring
tree” that enables a user to easily view and understand
relationships among various factors that affect the perfor-
mance of a hierarchically structured computing system. This
proactive monitoring tree enables a user to easily navigate
the hierarchy by selectively expanding nodes representing
various entities (e.g., virtual centers or computing clusters)
to view performance information for lower-level nodes
associated with lower-level entities (e.g., virtual machines or
host systems). Example node-expansion operations are illus-
trated in FIG. 9C, wherein nodes 933 and 934 are selectively
expanded. Note that nodes 931-939 can be displayed using
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different patterns or colors to represent different perfor-
mance states, such as a critical state, a warning state, a
normal state or an unknown/offline state. The ease of navi-
gation provided by selective expansion in combination with
the associated performance-state information enables a user
to quickly diagnose the root cause of a performance prob-
lem. The proactive monitoring tree is described in further
detail in U.S. patent application Ser. No. 14/253,490,
entitled “PROACTIVE MONITORING TREE WITH
SEVERITY STATE SORTING?”, filed on 15 Apr. 2014, and
U.S. patent application Ser. No. 14/812,948, also entitled
“PROACTIVE MONITORING TREE WITH SEVERITY
STATE SORTING™, filed on 29 Jul. 2015, each of which is
hereby incorporated by reference in its entirety for all
purposes.

The SPLUNK® APP FOR VMWARE® also provides a
user interface that enables a user to select a specific time
range and then view heterogeneous data comprising events,
log data, and associated performance metrics for the selected
time range. For example, the screen illustrated in FIG. 9D
displays a listing of recent “tasks and events” and a listing
of recent “log entries” for a selected time range above a
performance-metric graph for “average CPU core utiliza-
tion” for the selected time range. Note that a user is able to
operate pull-down menus 942 to selectively display different
performance metric graphs for the selected time range. This
enables the user to correlate trends in the performance-
metric graph with corresponding event and log data to
quickly determine the root cause of a performance problem.
This user interface is described in more detail in U.S. patent
application Ser. No. 14/167,316, entitled “CORRELATION
FOR USER-SELECTED TIME RANGES OF VALUES
FOR PERFORMANCE METRICS OF COMPONENTS IN
AN INFORMATION-TECHNOLOGY ENVIRONMENT
WITH LOG DATA FROM THAT INFORMATION-TECH-
NOLOGY ENVIRONMENT?”, filed on 29 Jan. 2014, and
which is hereby incorporated by reference in its entirety for
all purposes.

2.13. Cloud-Based System Overview

The example data intake and query system 108 described
in reference to FIG. 2 comprises several system components,
including one or more forwarders, indexers, and search
heads. In some environments, a user of a data intake and
query system 108 may install and configure, on computing
devices owned and operated by the user, one or more
software applications that implement some or all of these
system components. For example, a user may install a
software application on server computers owned by the user
and configure each server to operate as one or more of a
forwarder, an indexer, a search head, etc. This arrangement
generally may be referred to as an “on-premises” solution.
That is, the system 108 is installed and operates on com-
puting devices directly controlled by the user of the system.
Some users may prefer an on-premises solution because it
may provide a greater level of control over the configuration
of certain aspects of the system (e.g., security, privacy,
standards, controls, etc.). However, other users may instead
prefer an arrangement in which the user is not directly
responsible for providing and managing the computing
devices upon which various components of system 108
operate.

In one embodiment, to provide an alternative to an
entirely on-premises environment for system 108, one or
more of the components of a data intake and query system
instead may be provided as a cloud-based service. In this
context, a cloud-based service refers to a service hosted by
one more computing resources that are accessible to end
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users over a network, for example, by using a web browser
or other application on a client device to interface with the
remote computing resources. For example, a service pro-
vider may provide a cloud-based data intake and query
system by managing computing resources configured to
implement various aspects of the system (e.g., forwarders,
indexers, search heads, etc.) and by providing access to the
system to end users via a network. Typically, a user may pay
a subscription or other fee to use such a service. Each
subscribing user of the cloud-based service may be provided
with an account that enables the user to configure a custom-
ized cloud-based system based on the user’s preferences.

FIG. 10 illustrates a block diagram of an example cloud-
based data intake and query system. Similar to the system of
FIG. 2, the networked computer system 1000 includes input
data sources 202 and forwarders 204. These input data
sources and forwarders may be in a subscriber’s private
computing environment. Alternatively, they might be
directly managed by the service provider as part of the cloud
service. In the example system 1000, one or more forward-
ers 204 and client devices 1002 are coupled to a cloud-based
data intake and query system 1006 via one or more networks
1004. Network 1004 broadly represents one or more LLANs,
WAN:s, cellular networks, intranetworks, internetworks, etc.,
using any of wired, wireless, terrestrial microwave, satellite
links, etc., and may include the public Internet, and is used
by client devices 1002 and forwarders 204 to access the
system 1006. Similar to the system of 108, each of the
forwarders 204 may be configured to receive data from an
input source and to forward the data to other components of
the system 1006 for further processing.

In an embodiment, a cloud-based data intake and query
system 1006 may comprise a plurality of system instances
1008. In general, each system instance 1008 may include
one or more computing resources managed by a provider of
the cloud-based system 1006 made available to a particular
subscriber. The computing resources comprising a system
instance 1008 may, for example, include one or more servers
or other devices configured to implement one or more
forwarders, indexers, search heads, and other components of
a data intake and query system, similar to system 108. As
indicated above, a subscriber may use a web browser or
other application of a client device 1002 to access a web
portal or other interface that enables the subscriber to
configure an instance 1008.

Providing a data intake and query system as described in
reference to system 108 as a cloud-based service presents a
number of challenges. Each of the components of a system
108 (e.g., forwarders, indexers and search heads) may at
times refer to various configuration files stored locally at
each component. These configuration files typically may
involve some level of user configuration to accommodate
particular types of data a user desires to analyze and to
account for other user preferences. However, in a cloud-
based service context, users typically may not have direct
access to the underlying computing resources implementing
the various system components (e.g., the computing
resources comprising each system instance 1008) and may
desire to make such configurations indirectly, for example,
using one or more web-based interfaces. Thus, the tech-
niques and systems described herein for providing user
interfaces that enable a user to configure source type defi-
nitions are applicable to both on-premises and cloud-based
service contexts, or some combination thereof (e.g., a hybrid
system where both an on-premises environment such as
SPLUNK® ENTERPRISE and a cloud-based environment
such as SPLUNK CLOUD™ are centrally visible).
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2.14. Searching Externally Archived Data

FIG. 11 shows a block diagram of an example of a data
intake and query system 108 that provides transparent search
facilities for data systems that are external to the data intake
and query system. Such facilities are available in the
HUNK® system provided by Splunk Inc. of San Francisco,
Calif. HUNK® represents an analytics platform that enables
business and IT teams to rapidly explore, analyze, and
visualize data in Hadoop and NoSQL data stores.

The search head 210 of the data intake and query system
receives search requests from one or more client devices
1104 over network connections 1120. As discussed above,
the data intake and query system 108 may reside in an
enterprise location, in the cloud, etc. FIG. 11 illustrates that
multiple client devices 1104q, 11045, . . . , 1104n may
communicate with the data intake and query system 108.
The client devices 1104 may communicate with the data
intake and query system using a variety of connections. For
example, one client device in FIG. 11 is illustrated as
communicating over an Internet (Web) protocol, another
client device is illustrated as communicating via a command
line interface, and another client device is illustrated as
communicating via a system developer kit (SDK).

The search head 210 analyzes the received search request
to identify request parameters. If a search request received
from one of the client devices 1104 references an index
maintained by the data intake and query system, then the
search head 210 connects to one or more indexers 206 of the
data intake and query system for the index referenced in the
request parameters. That is, if the request parameters of the
search request reference an index, then the search head
accesses the data in the index via the indexer. The data intake
and query system 108 may include one or more indexers
206, depending on system access resources and require-
ments. As described further below, the indexers 206 retrieve
data from their respective local data stores 208 as specified
in the search request. The indexers and their respective data
stores can comprise one or more storage devices and typi-
cally reside on the same system, though they may be
connected via a local network connection.

If the request parameters of the received search request
reference an external data collection, which is not accessible
to the indexers 206 or under the management of the data
intake and query system, then the search head 210 can
access the external data collection through an External
Result Provider (ERP) process 1110. An external data col-
lection may be referred to as a “virtual index” (plural,
“virtual indices”). An ERP process provides an interface
through which the search head 210 may access virtual
indices.

Thus, a search reference to an index of the system relates
to a locally stored and managed data collection. In contrast,
a search reference to a virtual index relates to an externally
stored and managed data collection, which the search head
may access through one or more ERP processes 1110, 1112.
FIG. 11 shows two ERP processes 1110, 1112 that connect
to respective remote (external) virtual indices, which are
indicated as a Hadoop or another system 1114 (e.g., Amazon
S3, Amazon EMR, other Hadoop Compatible File Systems
(HCFS), etc.) and a relational database management system
(RDBMS) 1116. Other virtual indices may include other file
organizations and protocols, such as Structured Query Lan-
guage (SQL) and the like. The ellipses between the ERP
processes 1110, 1112 indicate optional additional ERP pro-
cesses of the data intake and query system 108. An ERP
process may be a computer process that is initiated or
spawned by the search head 210 and is executed by the
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search data intake and query system 108. Alternatively or
additionally, an ERP process may be a process spawned by
the search head 210 on the same or different host system as
the search head 210 resides.

The search head 210 may spawn a single ERP process in
response to multiple virtual indices referenced in a search
request, or the search head may spawn different ERP pro-
cesses for different virtual indices. Generally, virtual indices
that share common data configurations or protocols may
share ERP processes. For example, all search query refer-
ences to a Hadoop file system may be processed by the same
ERP process, if the ERP process is suitably configured.
Likewise, all search query references to an SQL database
may be processed by the same ERP process. In addition, the
search head may provide a common ERP process for com-
mon external data source types (e.g., a common vendor may
utilize a common ERP process, even if the vendor includes
different data storage system types, such as Hadoop and
SQL). Common indexing schemes also may be handled by
common ERP processes, such as flat text files or Weblog
files.

The search head 210 determines the number of ERP
processes to be initiated via the use of configuration param-
eters that are included in a search request message. Gener-
ally, there is a one-to-many relationship between an external
results provider “family” and ERP processes. There is also
a one-to-many relationship between an ERP process and
corresponding virtual indices that are referred to in a search
request. For example, using RDBMS, assume two indepen-
dent instances of such a system by one vendor, such as one
RDBMS for production and another RDBMS used for
development. In such a situation, it is likely preferable (but
optional) to use two ERP processes to maintain the inde-
pendent operation as between production and development
data. Both of the ERPs, however, will belong to the same
family, because the two RDBMS system types are from the
same vendor.

The ERP processes 1110, 1112 receive a search request
from the search head 210. The search head may optimize the
received search request for execution at the respective
external virtual index. Alternatively, the ERP process may
receive a search request as a result of analysis performed by
the search head or by a different system process. The ERP
processes 1110, 1112 can communicate with the search head
210 via conventional input/output routines (e.g., standard
in/standard out, etc.). In this way, the ERP process receives
the search request from a client device such that the search
request may be efficiently executed at the corresponding
external virtual index.

The ERP processes 1110, 1112 may be implemented as a
process of the data intake and query system. Each ERP
process may be provided by the data intake and query
system, or may be provided by process or application
providers who are independent of the data intake and query
system. Each respective ERP process may include an inter-
face application installed at a computer of the external result
provider that ensures proper communication between the
search support system and the external result provider. The
ERP processes 1110, 1112 generate appropriate search
requests in the protocol and syntax of the respective virtual
indices 1114, 1116, each of which corresponds to the search
request received by the search head 210. Upon receiving
search results from their corresponding virtual indices, the
respective ERP process passes the result to the search head
210, which may return or display the results or a processed
set of results based on the returned results to the respective
client device.
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Client devices 1104 may communicate with the data
intake and query system 108 through a network interface
1120, e.g., one or more LANs, WANS, cellular networks,
intranetworks, and/or internetworks using any of wired,
wireless, terrestrial microwave, satellite links, etc., and may
include the public Internet.

The analytics platform utilizing the External Result Pro-
vider process described in more detail in U.S. Pat. No.
8,738,629, entitled “EXTERNAL RESULT PROVIDED
PROCESS FOR RETRIEVING DATA STORED USING A
DIFFERENT CONFIGURATION OR PROTOCOL”,
issued on 27 May 2014, U.S. Pat. No. 8,738,587, entitled
“PROCESSING A SYSTEM SEARCH REQUEST BY
RETRIEVING RESULTS FROM BOTH A NATIVE
INDEX AND A VIRTUAL INDEX?”, issued on 25 Jul. 2013,
U.S. patent application Ser. No. 14/266,832, entitled “PRO-
CESSING A SYSTEM SEARCH REQUEST ACROSS
DISPARATE DATA COLLECTION SYSTEMS?”, filed on 1
May 2014, and U.S. patent application Ser. No. 14/449,144,
entitled “PROCESSING A SYSTEM SEARCH REQUEST
INCLUDING EXTERNAL DATA SOURCES?”, filed on 31
Jul. 2014, each of which is hereby incorporated by reference
in its entirety for all purposes.

2.14.1. ERP Process Features

The ERP processes described above may include two
operation modes: a streaming mode and a reporting mode.
The ERP processes can operate in streaming mode only, in
reporting mode only, or in both modes simultaneously.
Operating in both modes simultaneously is referred to as
mixed mode operation. In a mixed mode operation, the ERP
at some point can stop providing the search head with
streaming results and only provide reporting results there-
after, or the search head at some point may start ignoring
streaming results it has been using and only use reporting
results thereafter.

The streaming mode returns search results in real time,
with minimal processing, in response to the search request.
The reporting mode provides results of a search request with
processing of the search results prior to providing them to
the requesting search head, which in turn provides results to
the requesting client device. ERP operation with such mul-
tiple modes provides greater performance flexibility with
regard to report time, search latency, and resource utiliza-
tion.

In a mixed mode operation, both streaming mode and
reporting mode are operating simultaneously. The streaming
mode results (e.g., the raw data obtained from the external
data source) are provided to the search head, which can then
process the results data (e.g., break the raw data into events,
timestamp it, filter it, etc.) and integrate the results data with
the results data from other external data sources, and/or from
data stores of the search head. The search head performs
such processing and can immediately start returning interim
(streaming mode) results to the user at the requesting client
device; simultaneously, the search head is waiting for the
ERP process to process the data it is retrieving from the
external data source as a result of the concurrently executing
reporting mode.

In some instances, the ERP process initially operates in a
mixed mode, such that the streaming mode operates to
enable the ERP quickly to return interim results (e.g., some
of the raw or unprocessed data necessary to respond to a
search request) to the search head, enabling the search head
to process the interim results and begin providing to the
client or search requester interim results that are responsive
to the query. Meanwhile, in this mixed mode, the ERP also
operates concurrently in reporting mode, processing por-
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tions of raw data in a manner responsive to the search query.
Upon determining that it has results from the reporting mode
available to return to the search head, the ERP may halt
processing in the mixed mode at that time (or some later
time) by stopping the return of data in streaming mode to the
search head and switching to reporting mode only. The ERP
at this point starts sending interim results in reporting mode
to the search head, which in turn may then present this
processed data responsive to the search request to the client
or search requester. Typically the search head switches from
using results from the ERP’s streaming mode of operation to
results from the ERP’s reporting mode of operation when
the higher bandwidth results from the reporting mode out-
strip the amount of data processed by the search head in
the[streaming mode of ERP operation.

A reporting mode may have a higher bandwidth because
the ERP does not have to spend time transferring data to the
search head for processing all the raw data. In addition, the
ERP may optionally direct another processor to do the
processing.

The streaming mode of operation does not need to be
stopped to gain the higher bandwidth benefits of a reporting
mode; the search head could simply stop using the streaming
mode results—and start using the reporting mode results—
when the bandwidth of the reporting mode has caught up
with or exceeded the amount of bandwidth provided by the
streaming mode. Thus, a variety of triggers and ways to
accomplish a search head’s switch from using streaming
mode results to using reporting mode results may be appre-
ciated by one skilled in the art.

The reporting mode can involve the ERP process (or an
external system) performing event breaking, time stamping,
filtering of events to match the search query request, and
calculating statistics on the results. The user can request
particular types of data, such as if the search query itself
involves types of events, or the search request may ask for
statistics on data, such as on events that meet the search
request. In either case, the search head understands the query
language used in the received query request, which may be
a proprietary language. One exemplary query language is
Splunk Processing Language (SPL) developed by the
assignee of the application, Splunk Inc. The search head
typically understands how to use that language to obtain data
from the indexers, which store data in a format used by the
SPLUNK® Enterprise system.

The ERP processes support the search head, as the search
head is not ordinarily configured to understand the format in
which data is stored in external data sources such as Hadoop
or SQL data systems. Rather, the ERP process performs that
translation from the query submitted in the search support
system’s native format (e.g., SPL if SPLUNK® ENTER-
PRISE is used as the search support system) to a search
query request format that will be accepted by the corre-
sponding external data system. The external data system
typically stores data in a different format from that of the
search support system’s native index format, and it utilizes
a different query language (e.g., SQL or MapReduce, rather
than SPL or the like).

As noted, the ERP process can operate in the streaming
mode alone. After the ERP process has performed the
translation of the query request and received raw results
from the streaming mode, the search head can integrate the
returned data with any data obtained from local data sources
(e.g., native to the search support system), other external
data sources, and other ERP processes (if such operations
were required to satisfy the terms of the search query). An
advantage of mixed mode operation is that, in addition to
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streaming mode, the ERP process is also executing concur-
rently in reporting mode. Thus, the ERP process (rather than
the search head) is processing query results (e.g., performing
event breaking, timestamping, filtering, possibly calculating
statistics if required to be responsive to the search query
request, etc.). It should be apparent to those skilled in the art
that additional time is needed for the ERP process to perform
the processing in such a configuration. Therefore, the
streaming mode will allow the search head to start returning
interim results to the user at the client device before the ERP
process can complete sufficient processing to start returning
any search results. The switchover between streaming and
reporting mode happens when the ERP process determines
that the switchover is appropriate, such as when the ERP
process determines it can begin returning meaningful results
from its reporting mode.

The operation described above illustrates the source of
operational latency: streaming mode has low latency (imme-
diate results) and usually has relatively low bandwidth
(fewer results can be returned per unit of time). In contrast,
the concurrently running reporting mode has relatively high
latency (it has to perform a lot more processing before
returning any results) and usually has relatively high band-
width (more results can be processed per unit of time). For
example, when the ERP process does begin returning report
results, it returns more processed results than in the stream-
ing mode, because, e.g., statistics only need to be calculated
to be responsive to the search request. That is, the ERP
process doesn’t have to take time to first return raw data to
the search head. As noted, the ERP process could be
configured to operate in streaming mode alone and return
just the raw data for the search head to process in a way that
is responsive to the search request. Alternatively, the ERP
process can be configured to operate in the reporting mode
only. Also, the ERP process can be configured to operate in
streaming mode and reporting mode concurrently, as
described, with the ERP process stopping the transmission
of streaming results to the search head when the concur-
rently running reporting mode has caught up and started
providing results. The reporting mode does not require the
processing of all raw data that is responsive to the search
query request before the ERP process starts returning results;
rather, the reporting mode usually performs processing of
chunks of events and returns the processing results to the
search head for each chunk.

For example, an ERP process can be configured to merely
return the contents of a search result file verbatim, with little
or no processing of results. That way, the search head
performs all processing (such as parsing byte streams into
events, filtering, etc.). The ERP process can be configured to
perform additional intelligence, such as analyzing the search
request and handling all the computation that a native search
indexer process would otherwise perform. In this way, the
configured ERP process provides greater flexibility in fea-
tures while operating according to desired preferences, such
as response latency and resource requirements.

2.14. IT Service Monitoring

As previously mentioned, the SPLUNK® ENTERPRISE
platform provides various schemas, dashboards and visual-
izations that make it easy for developers to create applica-
tions to provide additional capabilities. One such application
is SPLUNK® IT SERVICE INTELLIGENCE™, which
performs monitoring and alerting operations. It also includes
analytics to help an analyst diagnose the root cause of
performance problems based on large volumes of data stored
by the SPLUNK® ENTERPRISE system as correlated to
the various services an IT organization provides (a service-
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centric view). This differs significantly from conventional IT
monitoring systems that lack the infrastructure to effectively
store and analyze large volumes of service-related event
data. Traditional service monitoring systems typically use
fixed schemas to extract data from pre-defined fields at data
ingestion time, wherein the extracted data is typically stored
in a relational database. This data extraction process and
associated reduction in data content that occurs at data
ingestion time inevitably hampers future investigations,
when all of the original data may be needed to determine the
root cause of or contributing factors to a service issue.

In contrast, a SPLUNK® IT SERVICE INTELLI-
GENCE™ gystem stores large volumes of minimally-pro-
cessed service-related data at ingestion time for later
retrieval and analysis at search time, to perform regular
monitoring, or to investigate a service issue. To facilitate this
data retrieval process, SPLUNK® IT SERVICE INTELLI-
GENCE™ enables a user to define an IT operations infra-
structure from the perspective of the services it provides. In
this service-centric approach, a service such as corporate
e-mail may be defined in terms of the entities employed to
provide the service, such as host machines and network
devices. Each entity is defined to include information for
identifying all of the event data that pertains to the entity,
whether produced by the entity itself or by another machine,
and considering the many various ways the entity may be
identified in raw machine data (such as by a URL, an IP
address, or machine name). The service and entity defini-
tions can organize event data around a service so that all of
the event data pertaining to that service can be easily
identified. This capability provides a foundation for the
implementation of Key Performance Indicators.

One or more Key Performance Indicators (KPI’s) are
defined for a service within the SPLUNK® IT SERVICE
INTELLIGENCE™ application. Each KPI measures an
aspect of service performance at a point in time or over a
period of time (aspect KPI’s). Each KPI is defined by a
search query that derives a KPI value from the machine data
of events associated with the entities that provide the ser-
vice. Information in the entity definitions may be used to
identify the appropriate events at the time a KPI is defined
or whenever a KPI value is being determined. The KPI
values derived over time may be stored to build a valuable
repository of current and historical performance information
for the service, and the repository, itself, may be subject to
search query processing. Aggregate KPIs may be defined to
provide a measure of service performance calculated from a
set of service aspect KPI values; this aggregate may even be
taken across defined timeframes and/or across multiple
services. A particular service may have an aggregate KPI
derived from substantially all of the aspect KPI’s of the
service to indicate an overall health score for the service.

SPLUNK® IT SERVICE INTELLIGENCE™ facilitates
the production of meaningful aggregate KPI’s through a
system of KPI thresholds and state values. Different KPI
definitions may produce values in different ranges, and so
the same value may mean something very different from one
KPI definition to another. To address this, SPLUNK® IT
SERVICE INTELLIGENCE™ implements a translation of
individual KPI values to a common domain of “state”
values. For example, a KPI range of values may be 1-100,
or 50-275, while values in the state domain may be “critical,’
‘warning,” ‘normal,” and ‘informational’. Thresholds asso-
ciated with a particular KPI definition determine ranges of
values for that KPI that correspond to the various state
values. In one case, KPI values 95-100 may be set to
correspond to ‘critical’ in the state domain. KPI values from
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disparate KPI’s can be processed uniformly once they are
translated into the common state values using the thresholds.
For example, “normal 80% of the time” can be applied
across various KPI’s. To provide meaningful aggregate
KPI’s, a weighting value can be assigned to each KP1I so that
its influence on the calculated aggregate KPI value is
increased or decreased relative to the other KPI’s.

One service in an IT environment often impacts, or is
impacted by, another service. SPLUNK® IT SERVICE
INTELLIGENCE™ can reflect these dependencies. For
example, a dependency relationship between a corporate
e-mail service and a centralized authentication service can
be reflected by recording an association between their
respective service definitions. The recorded associations
establish a service dependency topology that informs the
data or selection options presented in a GUI, for example.
(The service dependency topology is like a “map” showing
how services are connected based on their dependencies.)
The service topology may itself be depicted in a GUI and
may be interactive to allow navigation among related ser-
vices.

Entity definitions in SPLUNK® IT SERVICE INTELLI-
GENCE™ can include informational fields that can serve as
metadata, implied data fields, or attributed data fields for the
events identified by other aspects of the entity definition.
Entity definitions in SPLUNK® IT SERVICE INTELLI-
GENCE™ can also be created and updated by an import of
tabular data (as represented in a CSV, another delimited file,
or a search query result set). The import may be GUI-
mediated or processed using import parameters from a
GUI-based import definition process. Entity definitions in
SPLUNK® IT SERVICE INTELLIGENCE™ can also be
associated with a service by means of a service definition
rule. Processing the rule results in the matching entity
definitions being associated with the service definition. The
rule can be processed at creation time, and thereafter on a
scheduled or on-demand basis. This allows dynamic, rule-
based updates to the service definition.

During operation, SPLUNK® IT SERVICE INTELLI-
GENCE™ can recognize so-called “notable events” that
may indicate a service performance problem or other situ-
ation of interest. These notable events can be recognized by
a “correlation search” specifying trigger criteria for a
notable event: every time KPI values satisfy the criteria, the
application indicates a notable event. A severity level for the
notable event may also be specified. Furthermore, when
trigger criteria are satisfied, the correlation search may
additionally or alternatively cause a service ticket to be
created in an IT service management (ITSM) system, such
as a systems available from ServiceNow, Inc., of Santa
Clara, Calif.

SPLUNK® IT SERVICE INTELLIGENCE™ provides
various visualizations built on its service-centric organiza-
tion of event data and the KPI values generated and col-
lected. Visualizations can be particularly useful for moni-
toring or investigating service performance. SPLUNK® IT
SERVICE INTELLIGENCE™ provides a service monitor-
ing interface suitable as the home page for ongoing IT
service monitoring. The interface is appropriate for settings
such as desktop use or for a wall-mounted display in a
network operations center (NOC). The interface may promi-
nently display a services health section with tiles for the
aggregate KPI’s indicating overall health for defined ser-
vices and a general KPI section with tiles for KPI’s related
to individual service aspects. These tiles may display KPI
information in a variety of ways, such as by being colored
and ordered according to factors like the KPI state value.
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They also can be interactive and navigate to visualizations of
more detailed KPI information.

SPLUNK® IT SERVICE INTELLIGENCE™ provides a
service-monitoring dashboard visualization based on a user-
defined template. The template can include user-selectable
widgets of varying types and styles to display KPI informa-
tion. The content and the appearance of widgets can respond
dynamically to changing KPI information. The KPI widgets
can appear in conjunction with a background image, user
drawing objects, or other visual elements, that depict the IT
operations environment, for example. The KPI widgets or
other GUI elements can be interactive so as to provide
navigation to visualizations of more detailed KPI informa-
tion.

SPLUNK® IT SERVICE INTELLIGENCE™ provides a
visualization showing detailed time-series information for
multiple KPI’s in parallel graph lanes. The length of each
lane can correspond to a uniform time range, while the width
of each lane may be automatically adjusted to fit the dis-
played KPI data. Data within each lane may be displayed in
a user selectable style, such as a line, area, or bar chart.
During operation a user may select a position in the time
range of the graph lanes to activate lane inspection at that
point in time. Lane inspection may display an indicator for
the selected time across the graph lanes and display the KPI
value associated with that point in time for each of the graph
lanes. The visualization may also provide navigation to an
interface for defining a correlation search, using information
from the visualization to pre-populate the definition.

SPLUNK® IT SERVICE INTELLIGENCE™ provides a
visualization for incident review showing detailed informa-
tion for notable events. The incident review visualization
may also show summary information for the notable events
over a time frame, such as an indication of the number of
notable events at each of a number of severity levels. The
severity level display may be presented as a rainbow chart
with the warmest color associated with the highest severity
classification. The incident review visualization may also
show summary information for the notable events over a
time frame, such as the number of notable events occurring
within segments of the time frame. The incident review
visualization may display a list of notable events within the
time frame ordered by any number of factors, such as time
or severity. The selection of a particular notable event from
the list may display detailed information about that notable
event, including an identification of the correlation search
that generated the notable event.

SPLUNK® IT SERVICE INTELLIGENCE™ provides
pre-specified schemas for extracting relevant values from
the different types of service-related event data. It also
enables a user to define such schemas.

3.0 Overview of Enhancing Time Series Predictions

Data is often collected as a time series data set, that is, a
sequence of data points, typically including successive mea-
surements made over a time interval. Time series data is
frequently utilized to perform a predictive or forecasting
data analysis. In this manner, time series data can be used to
predict a future outcome based on the historical time series
data. Expected outcomes can be predicted in relation to any
type or number of data. By way of example only, and
without limitation, a user may desire forecasted data values
for data center capacity, sales, license uses, etc.

Algorithms for time series forecasting can have many
forms. For example, to perform time series forecasting,
various algorithms using Kalman filtering can be imple-
mented to forecast or predict expected values using collected
time series data. Generally, Kalman filtering refers to an
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algorithm that uses a series of measurements observed over
time and produces estimates of unknown variables. A Kal-
man filter model includes parameters that are adjusted or
calculated using historical time series data. Upon determin-
ing the parameters, the generated model can be used to
calculate future predictions. Any number or type of predic-
tion models can be generated based on Kalman filtering. For
example, a local level algorithm, a seasonal local level, a
local level trend, a bivariate local level, or an algorithm
combination can be based on the Kalman filter. At a high
level, a local level algorithm refers to an algorithm having
a univariate model with no or limited trends and seasonality.
A seasonal local level algorithm refers to an algorithm
having a univariate model with seasonality (periodicity of
the time series is computed). A local level trend algorithm
refers to an algorithm having a univariate model with trend
but no or minimal seasonality. A local level bivariate algo-
rithm refers to a bivariate model with no or limited trends
and seasonality. Such an algorithm can use one set of data
to make predictions for another. For example, assume the
bivariate model uses dataset Y to make predictions for
dataset X. If the holdback equals ten, the model takes the last
ten data points of Y to make predictions for the last ten data
points of X. A combination algorithm can be any combina-
tion of the above or additional algorithms. For example, in
one embodiment, a combination algorithm may combine a
seasonal local level algorithm and a local level trend algo-
rithm to generate the combined algorithm. This combined
algorithm benefits from utilizing the periodicity in data of
the seasonal local level algorithm and the trend in data of the
local level trend algorithm. Although not described herein,
other combinations of algorithms can be utilized. Such
prediction models can then be used predict data associated
with any number of future time intervals.

Typically, forecasting or prediction models generate more
accurate predictions when provided with more time series
data points. In other words, the more historical data applied
or analyzed, the more accurate the prediction. In many cases,
however, time series data is missing. Missing time series
data can result in less accurate predictions or forecasts. As
such, missing data might be predicted such that values for
the missing data can be used along with the previously
recorded time series data to predict or forecast expected
values.

Generally, predict commands are used to perform future
predictions for time series data. As such, a predict command
initiates prediction or forecasting of expected values based
on previously recorded time series data. In addition to
predicting a future value, a predict command can also
generate an upper and lower boundary or confidence level
that indicates a level of accuracy for the predicted value. For
instance, the predict command can predict upper and lower
confidence intervals for each predicted missing value that
specify, for example, where 95% of the predictions are
expected to fall. As described herein, the predict command
can be used to fill in or predict missing data in a time series.
Both the observed time series data and the predicted missing
values can be used during the forecasting process. For
example, predicted missing values can be used to compute
periodicity in association with a time series data set. Peri-
odicity generally refers to a tendency of data to recur at
intervals. As such, to compute periodicity, data values,
including predicted missing values, can be analyzed to
determine a period over which the values recur at intervals,
or values repeat in irregular intervals or periods. Predicted
missing values can also be used, along with captured time
series data, to predict or forecast future values.
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By way of example, and with reference to FIGS. 18A and
18B, FIG. 18A illustrates a captured time series data set
1802. In accordance with entering a predict command 1804,
predicted missing values 1806 in FIG. 18B are calculated
and presented to visually illustrate the predicted missing
values that occur between the existing recorded time series
data set. As shown in FIG. 18A, the observed time series
data set is delineated with gaps or voids where missing
values exist in the time series data, whereas the predicted
missing values are included in the visual pattern illustrated
in FIG. 18B. As discussed herein, such predicted missing
values may be used to compute periodicity. Upon determin-
ing periodicity, historical time series data and predicted
missing values can then be used to forecast or predict future
values 1808 in FIG. 18B. As will be described herein, the
predicted missing values to utilize for determining period-
icity may be the same or different as predicted missing
values to forecast expected values. In this regard, one
method for predicting missing values may be employed for
use in determining periodicity, while another method for
predicting missing values may be employed for use in
forecasting expected values.

Further, embodiments described herein facilitate concur-
rent forecasting of multiple time series data sets. In particu-
lar, in response to receiving a predict command indicating
multiple time series data sets and, optionally, corresponding
forecasting algorithms (and other parameters), the predict
command can be parsed to identify each of the time series
data sets. Based on the specified time series data sets and
corresponding parameters, an object is initiated for each
specified time series data set to separately, but concurrently,
perform predictive analysis. The results from the execution
of the separate predictive analysis can be aggregated and
provided to a requesting device for display to a user such
that the user can simultaneously view the forecasted results
for the multiple time series data sets. As can be appreciated,
initiating concurrent forecasting of multiple time series data
sets improves processing time that would otherwise be
required to perform subsequent or serial predictive analysis
for each time series data set. In addition, a user can initiate
predictive analyses for multiple time series data sets in a
single query rather than initiating a predictive analysis for
each time series data set independently. In response to the
concurrent predictive analyses, the user can be provided
with a single view of forecasted results for multiple time
series data sets, rather than being separately provided with
forecasted results for various time series data sets.

3.1 Overview of a Predictive Analysis Tool in a Data
Processing Environment

FIG. 19 illustrates an example data processing environ-
ment 1900 in accordance with various embodiments of the
present disclosure. Generally, the data processing environ-
ment 1900 refers to an environment that provides for, or
enables, the management, storage, and retrieval of data to
predict or forecast values expected to occur or result in the
future. As shown in FIG. 19, the data processing environ-
ment includes a predictive analysis tool 1916 used to predict
or forecast expected outcomes. The predictive analysis tool
1916 can utilize historical time series data to generate
predicted outcomes expected in the future. As described
herein, in addition to using historical time series data, the
predictive analysis tool 1916 uses predicted missing values
in generating expected or forecasted values. Predicted miss-
ing values refer to values that are predicted for data missing
in the historical time series data set. As such, predicted
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missing values are generally values that fall at points in time
between recorded or observed values in a time series data
set.

In some embodiments, the environment 1900 can include
an event-processing system 1902 communicatively coupled
to one or more client devices 1904 and one or more data
sources 1906 via a communications network 1908. The
network 1908 may include an element or system that facili-
tates communication between the entities of the environment
1900. The network 1908 may include an electronic commu-
nications network, such as the Internet, a local area network
(LAN), a wide area network (WAN), a wireless local area
network (WLAN), a cellular communications network, and/
or the like. In some embodiments, the network 1908 can
include a wired or a wireless network. In some embodi-
ments, the network 1908 can include a single network or a
combination of networks.

The data source 1906 may be a source of incoming source
data 1910 being fed into the event-processing system 1902.
A data source 1906 can be or include one or more external
data sources, such as web servers, application servers,
databases, firewalls, routers, operating systems, and soft-
ware applications that execute on computer systems, mobile
devices, sensors, and/or the like. Data source 1906 may be
located remote from the event-processing system 1902. For
example, a data source 1906 may be defined on an agent
computer operating remote from the event-processing sys-
tem 1902, such as on-site at a customer’s location, that
transmits source data 1910 to event-processing system 1902
via a communications network (e.g., network 1908).

Source data 1910 can be a stream or set of data fed to an
entity of the event-processing system 1902, such as a
forwarder (not shown) or an indexer 1912. In some embodi-
ments, the source data 1910 can be heterogeneous machine-
generated data received from various data sources 1906,
such as servers, databases, applications, networks, and/or the
like. Source data 1910 may include, for example raw data
(e.g., raw time-series data), such as server log files, activity
log files, configuration files, messages, network packet data,
performance measurements, sensor measurements, and/or
the like. For example, source data 1910 may include log data
generated by a server during the normal course of operation
(e.g. server log data). In some embodiments, the source data
1910 may be minimally processed to generate minimally
processed source data. For example, the source data 1910
may be received from a data source 1906, such as a server.
The source data 1910 may then be subjected to a small
amount of processing to break the data into events. As
discussed, an event generally refers to a portion, or a
segment of the data, that is associated with a time. And, the
resulting events may be indexed (e.g., stored in a raw data
file associated with an index file). In some embodiments,
indexing the source data 1910 may include additional pro-
cessing, such as compression, replication, and/or the like.

As can be appreciated, source data 1910 might be struc-
tured data or unstructured data. Structured data has a pre-
defined format, wherein specific data items with specific
data formats reside at predefined locations in the data. For
example, data contained in relational databases and spread-
sheets may be structured data sets. In contrast, unstructured
data does not have a predefined format. This means that
unstructured data can comprise various data items having
different data types that can reside at different locations.

The indexer 1912 of the event-processing system 1902
receives the source data 1910, for example, from a forwarder
(not shown) or the data source 1906, and apportions the
source data 1910 into events. An indexer 1912 may be an
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entity of the event-processing system 1902 that indexes data,
transforming source data 1910 into events and placing the
results into a data store 1914, or index. Indexer 1912 may
also search data stores 1914 in response to requests or
queries. An indexer 1912 may perform other functions, such
as data input and search management. In some cases,
forwarders (not shown) handle data input, and forward the
source data 1910 to the indexers 1912 for indexing.

During indexing, and at a high-level, the indexer 1912 can
facilitate taking data from its origin in sources, such as log
files and network feeds, to its transformation into searchable
events that encapsulate valuable knowledge. The indexer
1912 may acquire a raw data stream (e.g., source data 1910)
from its source (e.g., data source 1906), break it into blocks
(e.g., 64K blocks of data), and/or annotate each block with
metadata keys. After the data has been input, the data can be
parsed. This can include, for example, identifying event
boundaries, identifying event timestamps (or creating them
if they don’t exist), masking sensitive event data (such as
credit card or social security numbers), applying custom
metadata to incoming events, and/or the like. Accordingly,
the raw data may be data broken into individual events. The
parsed data (also referred to as “events”) may be written to
a data store, such as an index or data store 1914.

The data store 1914 may include a medium for the storage
of data thereon. For example, data store 1914 may include
non-transitory computer-readable medium storing data
thereon that is accessible by entities of the environment
1900, such as the corresponding indexer 1912 and the
predictive analysis tool 1916. As can be appreciated, the data
store 1914 may store the data (e.g., events) in any manner.
In some implementations, the data may include one or more
indexes including one or more buckets, and the buckets may
include an index file and/or raw data file (e.g., including
parsed, time-stamped events). In some embodiments, each
data store is managed by a given indexer that stores data to
the data store and/or performs searches of the data stored on
the data store. Although certain embodiments are described
with regard to a single data store 1914 for purposes of
illustration, embodiments may include employing multiple
data stores 1914, such as a plurality of distributed data stores
1914.

As described, events within the data store 1914 may be
represented by a data structure that is associated with a
certain point in time and includes a portion of raw machine
data (e.g., a portion of machine-generated data that has not
been manipulated). An event may include, for example, a
line of data that includes a time reference (e.g., a timestamp),
and one or more other values. In the context of server log
data, for example, an event may correspond to a log entry for
a client request and include the following values: (a) a time
value (e.g., including a value for the data and time of the
request, such as a timestamp), and (b) a series of other values
including, for example, a page value (e.g., including a value
representing the page requested), an IP (Internet Protocol)
value (e.g., including a value for representing the client IP
address associated with the request), and an HTTP (Hyper-
text Transfer protocol) code value (e.g., including a value
representative of an HTTP status code), and/or the like. That
is, each event may be associated with one or more values.
Some events may be associated with default values, such as
a host value, a source value, a source type value and/or a
time value. A default value may be common to some of all
events of a set of source data.

In some embodiments, an event can be associated with
one or more characteristics that are not represented by the
data initially contained in the raw data, such as character-
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istics of the host, the source, and/or the source type associ-
ated with the event. In the context of server log data, for
example, if an event corresponds to a log entry received
from Server A, the host and the source of the event may be
identified as Server A, and the source type may be deter-
mined to be “server.” In some embodiments, values repre-
sentative of the characteristics may be added to (or other-
wise associated with) the event. In the context of server log
data, for example, if an event is received from Server A, a
host value (e.g., including a value representative of Server
A), a source value (e.g., including a value representative of
Server A), and a source type value (e.g., including a value
representative of a “server””) may be appended to (or other-
wise associated with) the corresponding event.

In some embodiments, events can correspond to data that
is generated on a regular basis and/or in response to the
occurrence of a given event. In the context of server log data,
for example, a server that logs activity every second may
generate a log entry every second, and the log entries may
be stored as corresponding events of the source data. Simi-
larly, a server that logs data upon the occurrence of an error
event may generate a log entry each time an error occurs,
and the log entries may be stored as corresponding events of
the source data.

In accordance with events being stored in the data store
1914, the predictive analysis tool 1916 can function to
predict or forecast outcomes expected to occur in the future.
Although the predictive analysis tool 1916 is illustrated and
described herein as a separate component, this is for illus-
trative purposes. As can be appreciated, the predictive
analysis tool 1916, or functions described in association
therewith, can be performed at the indexer 1912, a search
head (not shown), or any other component. For example,
some functionality described in association with the predic-
tive analysis tool 1916 might be performed at a search head,
while other functionality described in association with the
predictive analysis tool 1916 might be performed at an
indexer.

As described herein, the predictive analysis tool 1916 can
be initiated by a user of the client device 1904. The client
device 1904 may be used or otherwise accessed by a user
1922, such as a system administrator or a customer. A client
device 1904 may include any variety of electronic devices.
In some embodiments, a client device 1904 can include a
device capable of communicating information via the net-
work 1908. A client device 1904 may include one or more
computer devices, such as a desktop computer, a server, a
laptop computer, a tablet computer, a wearable computer
device, a personal digital assistant (PDA), a smart phone,
and/or the like. In some embodiments, a client device 1904
may be a client of the event processing system 1902. In some
embodiments, a client device 1904 can include various
input/output (1/O) interfaces, such as a display (e.g., for
displaying a graphical user interface (GUI), an audible
output user interface (e.g., a speaker), an audible input user
interface (e.g., a microphone), an image acquisition interface
(e.g., a camera), a keyboard, a pointet/selection device (e.g.,
a mouse, a trackball, a touchpad, a touchscreen, a gesture
capture or detecting device, or a stylus), and/or the like. In
some embodiments, a client device 1904 can include general
computing components and/or embedded systems optimized
with specific components for performing specific tasks. In
some embodiments, a client device 1904 can include pro-
grams/applications that can be used to generate a request for
content, to provide content, to render content, and/or to send
and/or receive requests to and/or from other devices via the
network 1908. For example, a client device 1904 may
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include an Internet browser application that facilitates com-
munication with the event-processing system 1902 via the
network 1908. In some embodiments, a program, or appli-
cation, of a client device 1904 can include program modules
having program instructions that are executable by a com-
puter system to perform some or all of the functionality
described herein with regard to at least client device 1904.
In some embodiments, a client device 1904 can include one
or more computer systems similar to that of the computer
system 2600 described below with regard to at least FIG. 26.

Prediction analysis can be initiated or triggered at the
client device 1904 via a search graphical user interface
(GUI). In some embodiments, the event-processing system
1902 can provide for the display of a search GUI. Such a
search GUI can be displayed on a client device 1904, and
can present information relating to initiating prediction
analysis, performing prediction analysis, and viewing results
of prediction analysis.

Prediction analysis can be initiated at a client device by a
user at any time. In this regard, a user may initiate prediction
analysis prior to or in accordance with performing a search
for information. Although generally described herein as
performing prediction analysis upon the events being cre-
ated, indexed, and stored, prediction analysis can be defined
and applied before or as events are created, indexed, and/or
stored. Further, prediction analysis may be automatically
triggered. For example, upon initially establishing a predic-
tion analysis, subsequent prediction analyses may be auto-
matically triggered and performed as new data is received.

The prediction analysis tool 1916 is generally configured
to facilitate prediction analysis. As described, prediction
analysis can be initiated or triggered in response to a user
selection or input to predict or forecast data values expected
to occur in the future. In this regard, a user may enter a
predict command, for example, via client device 1904 to
trigger forecasting of future data. An exemplary predict
command 1804 is illustrated in FIG. 18A. In accordance
with entering a predict command, or otherwise selecting to
initiate prediction analysis, a user can specify additional
parameters that can be used to predict or forecast data
values. For example, a user might input or select a field
name for a variable desired to be predicted, a forecasting
algorithm desired for use in predicting outcomes, a timespan
or length of time for predicting values into the future (e.g.,
predict values for the next 6 months), a time interval for
predicting values (e.g., predict values for each day), a
holdback indicating a number of data points from the end of
the time series that are not desired for use in building the
forecasting model, a desired confidence level, or the like.
Although various parameters might be input by a user, as can
be appreciated, in some implementations, any number of
such parameters might be default parameters that are used.
For example, a default forecasting algorithm might be used
or a default confidence level (e.g., 95%) might be used for
forecasting data.

Upon the prediction analysis tool 1916 receiving or
identifying an indication to initiate prediction analysis, the
prediction analysis tool 1916 can access the appropriate time
series data for use performing the prediction of expected
outcomes. The appropriate time series data to analyze might
be indicated, for instance, in the predict command input by
a user. As such, the predict command can be parsed to
identify various parameters and options related to forecast-
ing, such as, for example, a set of time series data, a
prediction time span, an amount of historical data to use for
forecasting, a forecasting algorithm to utilize, etc. In

20

25

30

40

45

42

embodiments, the time series data can be referenced from
the data store 1914, for example.

As can be appreciated, in some cases, data initially stored
in the data store 1914 might not be in a time series data
format. For example, raw data stored in the data store 1914
may not be in a time series data format. In such a case, prior
to performing prediction analysis to predict or forecast
expected values, the data can be converted to a time series
data set. One example of converting a set of data into a time
series data format includes using a timechart command, or
other similar functionality. Generally, the timechart com-
mand generates a table of summary statistics. Such data can
then be formatted as a chart visualization where the data is
plotted against an x-axis that represents a time field. A
timechart command may be used to display statistical trends
over time, with the option of splitting the data with another
field as a separate series in the chart. Timechart visualiza-
tions are generally line, area, or column charts.

A timechart command, or other similar functionality, used
to convert data into a time series data format can be applied
automatically or based on a user selection. For example,
upon receiving a predict command, a determination may be
made that the corresponding data to use for the predictive
analysis is not in a time series data format. As such, a
timechart command can be initiated to convert the data into
a time series data format. As another example, a user may
select or enter a timechart command to convert data into a
time series data format such that it is in a format that can be
used for data forecasting. Further, conversion of data into a
time series data format may occur at any time. For instance,
it may occur in association with a selection to perform a
predictive analysis, or at a time prior to a selection to
perform a predictive analysis. In cases that time series data
is not already stored in the data store 1914 for use in
predictive analysis, the time series data as determined in
accordance with the timechart command can be stored in the
data store 1914 for subsequent utilization.

Upon accessing appropriate time series data, the time
series data can be analyzed to detect or determine any
missing values. Missing values can be detected in any
manner and is not intended to be limited to examples
provided herein. In an embodiment when input data is
converted to a time series data format, such as a table, entries
without any values for a particular field can be considered
missing in relation to that field. As another example, missing
values might be detected when a value is missing in relation
to a particular time instance. For example, assume that
values are in a time series data set in association with day 1,
day 2, and day 4. In such a case, it can be determined that
a value is missing in relation to day 3.

For the values determined to be missing, a prediction of
the missing value can be made. That is, predictions are
generated for missing values (generally referred to herein as
predicted missing values). A predicted missing value refers
to a predicted or forecasted value associated with a time
instance that is missing a collected or observed value.
Predicted missing values can be generated based on
observed time series data. As such, data previously collected
can be used to predict missing values.

In some embodiments, missing values are predicted based
on neighboring or nearby time series data. In some cases, a
predicted missing value can be determined based on an
average, or weighted average, of its neighboring time series
data. In this case, the predicted missing values can reflect the
trend of the time series data observed before and after the
missing data points. One exemplary algorithm used to
generate predicted missing values is provided below. In the
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below algorithm, assume that a and b represent observed
time series data, while the features in between the a and b
time series data represent missing values (represented as
MV,, MV,, MV, MV,). In such a case, the missing values
MV, MV,, MV, MV, can be calculated as follows:

na+b (n—-1a+2b (n-2a+3b a+nb
a, s s . ,b

n+1 n+1 n+1 n+1
MV, MV, MV; MV,

wherein n denotes the number of missing values between
time series data a and b. Such an implementation effectively
weights the values based on nearness or proximity to the
neighboring value. As a specific example, assume that four
missing values are detected MV, MV,, MV, MV, between
a and b time series data. In such a case, the predicted missing
values can be determined as:

da+b 3a+2b 2a+3b a+4b
a, 5 3 > 3 > 5
MV, MV, MV; MV,

As can be appreciated, other algorithms that predict
missing values based on neighboring observed time series
data are contemplated within the scope of embodiments of
the present invention. For example, a predicted missing
value can be determined using neighboring time series data
in a manner other than using an average, or weighted
average, calculation. Further, weights can be applied in other
manners to determine the missing values.

Upon generating predicted missing values, the predicted
missing values can be used along with the observed time
series data to determine periodicity associated with the data.
Based on a sequence of values, periodicity is determined to
identify a period or cycle associated with the sequence of
values. Determining periodicity associated with a set of data,
such as observed time series data and predicted missing
values, can be performed in any number of ways and is not
intended to be limited in scope to method described herein.

In some embodiments, autocorrelation can be used to
determine periodicity. Autocorrelation generally refers to
cross-correlation of a signal with itself at different points in
time. As such, autocorrelation represents the similarity
between observations as a function of the time lag between
them. Autocorrelation can be used to identify repeating
patterns, such as a periodic pattern, for example among a
series of values. In implementation, autocorrelations can be
determined for any number of lags. A lag generally refers to
a period of time or time interval between one event and
another (e.g., one data value to another). Autocorrelations of
a lag can be generally represented as:

Autocorrelation=a @, g +@0s, 100+ - - - +a,a,+lag

wherein a, represents a first value in a set of data.
In this regard, the autocorrelation of lag 1 is represented
as follows:

Autocorrelation (lag 1)=a,ar+ara3+azas+ . . . +
[T N
wherein a, represents a first value at a first time in a set of
data, a, represents a second value at a second time in a set
of data, a, represents a third value at a third time in a set of

10

20

25

40

55

44

data, a, represents a fourth value at a fourth time in a set of
data, and an represents a nth value at a nth time in a set of
data.

Similarly, the autocorrelation of lag 2 is represented as
follows:

Autocorrelation (lag 2)=a,a3+ara,+azas+ . . . +
Ayt - - -
wherein a, represents a first value at a first time in a set of
data, a, represents a second value at a second time in a set
of data, a, represents a third value at a third time in a set of
data, a, represents a fourth value at a fourth time in a set of
data, a5 represents a fifth value at a fifth time in a set of data,
and a,, represents a nth value at a nth time in a set of data.

As such, given a set of data, such as observed time series
data and predicted missing values, an autocorrelation value
can be determined for any number of lags associated with
the data. In some embodiments, autocorrelation values are
determined for each possible lag value from the first value
in the data to the last value in the data set, that is, all lags up
to the length of the sequence. In other embodiments, auto-
correlation values are determined up to a threshold number
of'lags. A threshold number can represent the maximum lag
value for which autocorrelation is determined. As an
example, a threshold number of lag values might equal
2000. In such a case, autocorrelation values are determine
for lags 1 to 2000. Such a threshold number (e.g., 2000) may
be selected in an effort to maintain performance and accu-
racy in computing the period. Utilizing a lag threshold can
greatly increase computation efficiency, particularly for
large data sets. For example, determining autocorrelations of
lags from 1 up to the length of the data can result in quadratic
time complexity and, as such, decrease the processing speed
for a predict command, particularly for large data sets.

Upon determining autocorrelation values for a sequence
of data, the autocorrelation values can be searched to iden-
tify the greatest or largest autocorrelation value. Stated
differently, the autocorrelation values can be analyzed to
identify the lag that yields the maximum autocorrelation. In
accordance with embodiments of the present invention, the
lag associated with the greatest autocorrelation value can be
used to designate the periodicity. For example, assume that
lag 3 is identified as being associated with the largest
autocorrelation value. In such a case, the value of 3 is
designated as the periodicity. As another example, assume
that the lag 3 is identified as being associated with the largest
autocorrelation value. In such a case, the lag plus 1 can be
designated as the periodicity (in this case the lag of 3 plus
1 results in a periodicity of 4). As can be appreciated, the
periodicity value (e.g., 3 or 4 in these examples) can
correspond with any amount of time, such as minutes, hours,
days, weeks, etc.

In some cases, prior to designating a lag associated with
a largest autocorrelation value as a periodicity for the data,
the determined autocorrelation can be compared to a thresh-
old autocorrelation to determine whether to signify the data
as being periodic. By way of example only, assume that a
threshold autocorrelation of 0.01 is designated. In such a
case, if a maximum or greatest correlation is at least 0.01, the
corresponding lag value can be returned as a period asso-
ciated with the data. On the other hand, if the maximum or
greatest correlation is equal to or less than 0.01, a value of
-1 is returned to indicate that the data is not periodic.

As described, the determined periodicity can be used in
association with a forecasting model that considers period-
icity to forecast or predict values expected to occur in the
future. As can be appreciated, any number of forecasting
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models using periodicity can be implemented to provide
predictions. Further, in some cases, when forecasting models
are combined to predict expected outcomes, one or more of
such forecasting models might use periodicity in predicting
expected outcomes.

Algorithms for time series forecasting can have many
forms. For example, to perform time series forecasting,
various algorithms using Kalman filtering can be imple-
mented to forecast or predict expected values using collected
time series data. Generally, Kalman filtering refers to an
algorithm that uses a series of measurements observed over
time and produces estimates of unknown variables. A Kal-
man filter model includes parameters that are adjusted or
calculated using historical time series data. Upon determin-
ing the parameters, the generated model can be used to
calculate future predictions.

As described, generating parameters for forecasting mod-
els can be performed based on historical time series data.
Because more data generally results in a more accurate
prediction, missing values can be predicted and used along
with historical time series data to determine parameters for
a forecasting model(s). Missing values can be predicted in
any number of ways. For example, in some embodiments,
predicted missing values are generated as described above.
In this regard, the predicted missing values are determined
based on neighbor values. In other embodiments, a different
method for determining predicted missing values may be
employed. For instance, a Kalman filter recursion can be
executed for each missing data point, wherein the output is
used to fill in the missing data point.

The resulting predicted missing values and/or forecasted
expected values can be provided by the prediction analysis
tool 1916 for presentation to the user, for example, via the
client device. By way of example, and with reference to
FIGS. 18A and 18B, FIG. 18A illustrates a captured time
series data set 1802. In accordance with entering a predict
command 1804, predicted missing values 1806 in FIG. 18B
are calculated and presented to visually illustrate the pre-
dicted missing values that occur between the existing
recorded time series data set. As shown in FIG. 18A, the
observed time series data set is delineated with gaps or voids
where missing values exist in the time series data, whereas
the predicted missing values are included in the visual
pattern illustrated in FIG. 18B. As discussed herein, such
predicted missing values may be used to compute period-
icity and/or to forecast future values. Historical time series
data and predicted missing values can then be used to
forecast or predict future values 1808 in FIG. 18B.

Returning to FIG. 19, in some embodiments, the predic-
tion analysis tool 1916 enables concurrent forecasting in
association with multiple time series data sets. In this regard,
rather than the performing forecasting for only a single time
series data set, forecasting for multiple time series data sets
can be performed at the same time.

The prediction analysis tool 1916 can facilitate concurrent
prediction analysis of multiple time series data sets. Predic-
tion analysis of multiple time series data sets can be initiated
or triggered in response to a user selection or input to
concurrently predict or forecast data values expected to
occur in the future in association with multiple time series
data sets. In this regard, a user may enter a predict command,
for example, via client device 1904 to trigger forecasting of
future data for multiple time series data sets. An exemplary
predict command 2002 is illustrated in FIG. 20. In accor-
dance with entering a predict command, or otherwise select-
ing to initiate prediction analysis, a user can specify multiple
time series data sets to use for forecasting. Further, addi-
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tional parameters can be specified that can be used to predict
or forecast data values associated with multiple time series
data sets. For example, a user might input or select a field
name for a variable desired to be predicted, a forecasting
algorithm desired for use in predicting outcomes, a timespan
or length of time for predicting values into the future (e.g.,
predict values for the next 6 months), a time interval for
predicting values (e.g., predict values for each day), a
holdback indicating a number of data points from the end of
the time series that are not desired for use in building the
forecasting model, a desired confidence level, or the like.

As can be appreciated, in one embodiment, a particular
forecasting algorithm can be selected to be applied to each
of the desired time series data sets. For instance, a set of five
time series data sets may be indicated for performing
concurrent prediction analysis with only a single forecasting
algorithm set forth. In other embodiments, forecasting algo-
rithms can be selected for the different time series data set.
For instance, a different forecasting algorithm can be des-
ignated for each specified time series data set. As an
example, a set of five time series data sets may be indicated
with a different forecasting model specified for each data set.

By way of example only, the exemplary predict command
2002 illustrated in FIG. 20 can initiate concurrent forecast-
ing of values expected in association with two time series
data sets, namely “count(Fin)” time series data set 2004 and
“Nor” time series data set 2006. Each indication of the time
series data set for forecasting expected values also includes
various parameters for performing prediction analysis. For
instance, both time series data sets 2004 and 2006 are
respectively associated with forecasting algorithms 2008
and 2010, holdbacks 2012 and 2014, and timespan 2016 and
2018. Such an input can initiate concurrent data forecasting
in association with the “count (Fin)” time series data set and
the “Nor” time series data set using the specified corre-
sponding parameters (e.g., algorithm, etc.).

An indication of time series data sets and associated
parameters (e.g., forecasting algorithms) can be specified in
any manner. Although FIG. 20 illustrates the time series data
sets and associated parameters as being input via a query
input box 2020, as can be appreciated, in some implemen-
tations, such selections can be made in other manners. For
instance, selection or drop down menus can be employed to
make selections of time series data sets, algorithms, or other
parameters. Further, although various parameters might be
input by a user, as can be appreciated, in some implemen-
tations, any number of such parameters might be default
parameters that are used. For example, a default forecasting
algorithm might be used or a default confidence level (e.g.,
95%) might be used for forecasting data.

Upon the prediction analysis tool 1916 receiving or
identifying a request to initiate prediction analysis (e.g., via
a predict command), the prediction analysis tool 1916 can
parse the request to perform concurrent forecasting for
multiple time series data sets. A concurrent forecasting
request can be parsed to identify specific time series data sets
for which forecasting is to be performed. Further, the
concurrent forecasting request (e.g., predict command) can
be parsed to identify various parameters and options related
to forecasting, such as, for example, a prediction time span,
an amount of historical data to use for forecasting, a fore-
casting algorithm to utilize, etc. In some cases, a predict
command includes multiple time series data sets with each
time series data sets and the corresponding parameter(s)
ending before a new time series data set and corresponding
parameter(s) begins. When parameters are not specified, a
default parameter can be used.
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By way of example only, assume that a request to perform
concurrent forecasting includes an indication of five time
series data sets. In such a case, the concurrent forecasting
request can be parsed to identify the five time series data
sets. In addition to identifying specific time series data sets
for which to perform concurrent forecasting, concurrent
forecasting requests can also be parsed to identify other
parameters for each time series, such as an algorithm desired
to be applied in association with the time series data set, etc.

In accordance with identifying the time series data sets for
which concurrent forecasting is desired, the prediction
analysis tool 1916 can generate objects to facilitate execu-
tion of the specified forecasting algorithms. The number of
objects generated generally corresponds with the number of
time series data sets such that forecasting algorithms can be
separately and independently executed for each time series
data set. Stated differently, an object is created for each time
series data set. Each object can then independently forecast
data in association with the corresponding time series data
set. By way of example only, assume concurrent forecasting
is to be performed for five different time series data sets. In
such a case, five objects are generated or initiated, with each
object performing data forecasting for the corresponding
time series data set. An object generally refers to a
variable(s), a data structure(s), and/or a function(s) (a sub-
routine is a sequence of program instructions that perform a
specific task). In some cases, an object refers to a particular
instance of a class where the object can be a combination of
variables, functions, and data structures.

In some cases, a parser reads a search query having a
predict command and recognizes the multiple time series
data sets and corresponding parameters. Software compo-
nents, or objects, are then constructed for each time series
data set. Each object can include the relevant information
about a time series data set such as the values and the
parameters to be used. Utilizing separate objects can ensure
that parameters and/or data for one time series data set do
not get mixed up with those associated with another time
series data set. Further, using separate objects can ensure
that various programming states that arise during processing
do not get mixed up with those associated with another time
series data set.

As can be appreciated, each object can execute prediction
analysis in any manner. For instance, each object might
execute prediction analysis as described above. In this
manner, the prediction analysis tool 1916 can access the
appropriate time series data set for use in performing the
prediction of expected outcomes. The appropriate time
series data set to analyze might be indicated, for instance, in
the predict command input by a user. The time series data set
may be referenced and used to generate predicted missing
values within the data set. Upon generating predicted miss-
ing values, the predicted missing values can be used along
with the observed time series data to determine periodicity
associated with the data. The determined periodicity can be
used in association with the forecasting model associated
with the object to forecast or predict values expected to
occur in the future. In this regard, the selected forecasting
model can be utilized in association with the particular time
series data set to forecast data.

Each object or forecasting analysis concurrently per-
formed or executed can then provide forecasted data as
output. The forecasted data output for each of the concurrent
forecasting analyses can be provided to the client device
1904. As can be appreciated, in some cases, prior to out-
putting forecasting data, the data can be combined, aggre-
gated, summarized, or otherwise used to perform calcula-

10

15

20

25

30

35

40

45

50

55

60

65

48

tions to provide results. For instance, upon each object or
forecasting analysis being concurrently executed for mul-
tiple time series data sets, the prediction analysis tool 1916
can combine the resulting forecasted data and transmit to the
requesting client device, such as client device 1904. In this
regard, the forecasted data can be transmitted in association
with one another for concurrent display on a display screen.

By way of example only, FIG. 20 provides a user interface
illustrating forecasted data associated with concurrent fore-
casting analyses. The resulting predicted missing values
and/or forecasted expected values for multiple time series
data sets can be provided by the prediction analysis tool
1916 for presentation to the user, for example, via the client
device. FIG. 20 illustrates a captured time series data set for
“count(Fin)” 2030 and a captured time series data set for
“Nor” 2032. In accordance with entering the predict com-
mand 2002, predicted missing values 2034 for time series
data set 2030 and predicted missing values 2036 for time
series data set 2032 are calculated and presented to visually
illustrate the predicted missing values that occur between the
existing recorded time series data set and/or to predict future
values. Further, as illustrated in FIG. 20, predictions asso-
ciated with confidence levels can also be included within a
forecasting chart or graph. For example, lines 2038 and 2040
represent lower and upper confidence levels (95%) for
predictions related to the time series data set “count(Fin)”
2030. Similarly, lines 2042 and 2044 represent lower and
upper confidence levels (95%) for predictions related to the
time series data set “Nor” 2032. Predicted data can addi-
tionally or alternatively be presented in a tabular form 2046.

3.2 Tlustrative Time Series Prediction Operations

FIGS. 21-25 illustrate various methods of forecasting
data, in accordance with embodiments of the present inven-
tion. Although the method 2100 of FIG. 21, the method 2200
of FIG. 22, the method 2300 of FIG. 23, the method 2400 of
FIG. 24, and the method 2500 of FIG. 25 are provided as
separate methods, the methods, or aspects thereof, can be
combined into a single method or combination of methods.
As can be appreciated, additional or alternative steps may
also be included in different embodiments.

With initial reference to FIG. 21, FIG. 21 illustrates a
method of computing periodicity utilizing predicted missing
values, in accordance with embodiments of the present
invention. Such a method may be performed, for example,
at a data analysis tool, such as data analysis tool 1916 of
FIG. 19. Initially, at block 2102, a set of time series data is
referenced. The set of time series data might be referenced,
for example, from a data store based on an indication of the
particular set of time series data in a predict command. In
embodiments, a set of time series data determined from raw
machine data is received. At block 2104, a determination is
made that the time series data has at least one missing data
value. Such a determination may be made, for instance,
based on omission of one or more data values within the set
of'time series data. Subsequently, at block, 2106, a predicted
missing value is generated for each of the at least one
missing data values. The predicted missing value for a
missing data value can be generated based on a weighted
average of a time series data value preceding the missing
data value and a time series data value following the missing
data value. In embodiments, because several consecutive
data values might be missing, it is not necessary that the
preceding and following time series data values be imme-
diately adjacent to the missing value. Rather, such time
series data values might be the nearest preceding and
following time series data values. Further, the value used as
the preceding or following time series data may, in some
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cases, be a calculation of the value. For instance, assume the
data value immediately preceding a missing value is 5 and
the value collected prior to that is 4. In such a case, the
preceding value may be determined to be an average of the
two preceding values, that is 4.5, which can then be used to
determining the missing value. The set of time series data
and the predicted missing values for each of the at least one
missing data values are used to determine periodicity asso-
ciated with the set of time series data. This is shown at block
2008.

Turning now to FIG. 22, FIG. 22 illustrates another
method of computing periodicity utilizing predicted missing
values, in accordance with embodiments of the present
invention. Such a method may be performed, for example,
at a data analysis tool, such as data analysis tool 1916 of
FIG. 19. Initially, at block 2202, a set of time series data is
referenced. The set of time series data might be referenced,
for example, from a data store based on an indication of the
particular set of time series data in a predict command. At
block 2204, a determination is made that the time series data
has at least one missing data value. Such a determination
may be made, for instance, based on omission of one or
more data values within the set of time series data. Subse-
quently, at block, 2206, a predicted missing value is gener-
ated for each of the at least one missing data values. The
predicted missing value for a missing data value can be
generated based on a weighted average of a time series data
value preceding the missing data value and a time series data
value following the missing data value. At block 2208, a
complete set of values is generated by aggregating the
observed time series data and the generated predicted miss-
ing values. At block 2210, the complete set of values is used
to determine autocorrelations of a plurality of lags associ-
ated with the complete set of values. In some embodiments,
the number of lags for which autocorrelations are deter-
mined can be limited to a threshold number (e.g., 2000). As
can be appreciated, such lags can begin at the first data value
and capture a first group of values, begin at a data value that
results in the last lag (e.g., lag 2000) being associated with
the final value, or anywhere in between. At block 2212, the
greatest or largest autocorrelation is determined to be greater
than an autocorrelation threshold. Based on the largest
autocorrelation being greater than an autocorrelation thresh-
old, at block 2214, a lag corresponding with a greatest
autocorrelation is identified. Such a lag is then designated as
periodicity associated with the complete set of values, as
indicated at block 2216. At block 2218, the periodicity is
used to generate a forecasting model that predicts outcomes
expected in the future.

With reference to FIG. 23, FIG. 23 illustrates a method of
predicting expected values, in accordance with embodi-
ments of the present invention. Such a method may be
performed, for example, at a data analysis tool, such as data
analysis tool 1916 of FIG. 19. Initially, at block 2302, a data
set is converted to a set of time series data. At block 2304,
a predict command is initiated. Such a predict command
may be initiated, for instance, by a user of a client device.
Upon initiating the predict command, the set of time series
data is read to detect one or more missing values. At block
2306, predicted missing values are forecasted for the one or
more missing values to generate a complete set of data.
Predicted missing values can be forecasted using an average
of neighboring time series values. At block 2308, the com-
plete set of data is used to determine a periodicity associated
with the complete set of data. The periodicity is used to
generate at least one forecasting model that is used to predict
outcomes expected in the future, as indicated at block 2310.
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Subsequently, at block 2312, the at least one forecasting
model is executed to predict one or more values expected to
occur in the future.

Turning to FIG. 24, FIG. 24 illustrates a method of
concurrently predicting expected values, in accordance with
embodiments of the present invention. Such a method may
be performed, for example, at a client device, such as client
device 1904 of FIG. 19. Initially, at block 2402, a request for
concurrent prediction analysis is received via a graphical
user interface, such as a search graphical user interface. In
particular, a user may input or select a command to initiate
concurrent prediction analysis of multiple time series data
sets. Such an input or selection can include an indication of
the multiple time series data sets, one or more algorithms to
utilize in execute forecasting of expected values for the time
series data sets, and/or other parameters used to execute
forecasting of expected values for the time series data sets.
In response to the request for concurrent prediction analysis,
forecasted or predicted values associated with the multiple
time series data sets are presented on a display screen of a
client device, as indicated at block 2404. In embodiments,
forecasted values associated with each time series data set
are concurrently or simultaneously presented on the display
screen. For instance, with brief reference to FIG. 20, fore-
casted values for the “count(Fin)” time series data set and
the “Nor” time series data set are concurrently displayed. In
other embodiments, the forecasted values can be indepen-
dently displayed, for instance, by toggling through fore-
casted values or by selection of a time series data set for
which forecasted values are desired to be viewed.

With reference to FIG. 25, FIG. 25 illustrates a method of
predicting expected values, in accordance with embodi-
ments of the present invention. Such a method may be
performed, for example, at a data analysis tool, such as data
analysis tool 1916 of FIG. 19. Initially, at block 2502, a
request for prediction analysis is received. For instance, a
user at a client device may input a predict command indi-
cating multiple time series data sets that, when entered, are
received at a component performing forecasting or predic-
tion analysis. Although generally described herein as a
single request for prediction analysis, as can be appreciated,
in some cases, multiple requests for prediction analysis can
be communicated. At block 2504, the request for prediction
analysis is parsed to identify an indication of time series data
set(s) for which prediction of expected values is desired. At
block 2506, it is determined whether the request includes an
indication of multiple time series data sets. If not, the single
time series data set specified in the request is processed in
accordance with any corresponding parameters to forecast
expected values based on the time series data set, as shown
at block 2508. On the other hand, if it is determined that
multiple time series data sets are included in the request, at
block 2510, an object is initiated or generated for forecasting
data in association with each time series data set. In other
words, for each designated time series data set, an object or
prediction analysis is separately initiated or generated to
independently forecast values expected in light of the cor-
responding time series data set. At block 2512, each object
or prediction analysis is concurrently executed to determine
forecasted values corresponding with the time series data
set. In particular, a forecasting algorithm specified or des-
ignated for a particular time series data set can be referenced
and used to identify one or more expected values. At block
2514, the forecasted values corresponding with each time
series data set are provided, for example, to a client device
such as client device 1904 of FIG. 19. In some cases, the
forecasted values generated from each object or prediction
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analysis can be combined and provided as a single output. In
other cases, the forecasted values generated from each object
or prediction analysis can be separately output. The fore-
casted values can then be presented for display, for instance,
via a client device, e.g., such that a user can concurrently or
simultaneously view the forecasted values for each of the
concurrently processed time series data sets.

3.3 Mlustrative Hardware System

The systems and methods described above may be imple-
mented in a number of ways. One such implementation
includes computer devices having various electronic com-
ponents. For example, components of the system in FIG. 19
may, individually or collectively, be implemented with
devices having one or more Application Specific Integrated
Circuits (ASICs) adapted to perform some or all of the
applicable functions in hardware. Alternatively, the func-
tions may be performed by one or more other processing
units (or cores), on one or more integrated circuits or
processors in programmed computers. In other embodi-
ments, other types of integrated circuits may be used (e.g.,
Structured/Platform ASICs, Field Programmable Gate
Arrays (FPGAs), and other Semi-Custom ICs), which may
be programmed in any manner known in the art. The
functions of each unit may also be implemented, in whole or
in part, with instructions embodied in a memory, formatted
to be executed by one or more general or application-
specific computer processors.

An example operating environment in which embodi-
ments of the present invention may be implemented is
described below in order to provide a general context for
various aspects of the present invention. Referring to FIG.
26, an illustrative operating environment for implementing
embodiments of the present invention is shown and desig-
nated generally as computing device 2600. Computing
device 2600 is but one example of a suitable operating
environment and is not intended to suggest any limitation as
to the scope of use or functionality of the invention. Neither
should the computing device 2600 be interpreted as having
any dependency or requirement relating to any one or
combination of components illustrated.

The invention may be described in the general context of
computer code or machine-useable instructions, including
computer-executable instructions such as program modules,
being executed by a computer or other machine, such as a
personal data assistant or other handheld device. Generally,
program modules including routines, programs, objects,
components, data structures, etc., refer to code that perform
particular tasks or implement particular abstract data types.
The invention may be practiced in a variety of system
configurations, including handheld devices, consumer elec-
tronics, general-purpose computers, more specialized com-
puting devices, etc. The invention may also be practiced in
distributed computing environments where tasks are per-
formed by remote-processing devices that are linked through
a communications network.

With reference to FIG. 26, computing device 2600
includes a bus 2610 that directly or indirectly couples the
following devices: memory 2612, one or more processors
2614, one or more presentation components 2616, input/
output (I/O) ports 2618, /O components 2620, and an
illustrative power supply 2622. Bus 2610 represents what
may be one or more busses (such as, for example, an address
bus, data bus, or combination thereof). Although depicted in
FIG. 26, for the sake of clarity, as delineated boxes that
depict groups of devices without overlap between these
groups of devices, in reality, this delineation is not so clear
cut and a device may well fall within multiple ones of these
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depicted boxes. For example, one may consider a display to
be one of the one or more presentation components 2616
while also being one of the /O components 2620. As
another example, processors have memory integrated there-
with in the form of cache; however, there is no overlap
depicted between the one or more processors 2614 and the
memory 2612. A person of skill in the art will readily
recognize that such is the nature of the art, and it is reiterated
that the diagram of FIG. 26 merely depicts an illustrative
computing device that can be used in connection with one or
more embodiments of the present invention. It should also
be noticed that distinction is not made between such cat-
egories as “workstation,” “server,” “laptop,” “handheld
device,” etc., as all such devices are contemplated to be
within the scope of computing device 2600 of FIG. 26 and
any other reference to “computing device,” unless the con-
text clearly indicates otherwise.

Computing device 2600 typically includes a variety of
computer-readable media. Computer-readable media can be
any available media that can be accessed by computing
device 2600 and includes both volatile and nonvolatile
media, and removable and non-removable media. By way of
example, and not limitation, computer-readable media may
comprise computer storage media and communication
media. Computer storage media includes both volatile and
nonvolatile, removable and non-removable media imple-
mented in any method or technology for storage of infor-
mation such as computer-readable instructions, data struc-
tures, program modules, or other data. Computer storage
media includes, but is not limited to, RAM, ROM,
EEPROM, flash memory or other memory technology, CD-
ROM, digital versatile disks (DVD) or other optical disk
storage, magnetic cassettes, magnetic tape, magnetic disk
storage or other magnetic storage devices, or any other
medium which can be used to store the desired information
and which can be accessed by computing device 2600.
Computer storage media does not comprise signals per se,
such as, for example, a carrier wave. Communication media
typically embodies computer-readable instructions, data
structures, program modules, or other data in a modulated
data signal such as a carrier wave or other transport mecha-
nism and includes any information delivery media. The term
“modulated data signal” means a signal that has one or more
of its characteristics set or changed in such a manner as to
encode information in the signal. By way of example, and
not limitation, communication media includes wired media
such as a wired network or direct-wired connection, and
wireless media such as acoustic, RF, infrared, and other
wireless media. Combinations of any of the above should
also be included within the scope of computer-readable
media.

Memory 2612 includes computer storage media in the
form of volatile and/or nonvolatile memory. The memory
may be removable, non-removable, or a combination
thereof. Typical hardware devices may include, for example,
solid-state memory, hard drives, optical-disc drives, etc.
Computing device 2600 includes one or more processors
2614 that read data from various entities such as memory
2612 or I/O components 2620. Presentation component(s)
2616 present data indications to a user or other device.
Ilustrative presentation components include a display
device, speaker, printing component, vibrating component,
etc.

1/0 ports 2618 allow computing device 2600 to be logi-
cally coupled to other devices including /O components
2620, some of which may be built in. Illustrative compo-
nents include a keyboard, mouse, microphone, joystick,
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game pad, satellite dish, scanner, printer, wireless device,
etc. The I/O components 2620 may provide a natural user
interface (NUI) that processes air gestures, voice, or other
physiological inputs generated by a user. In some instances,
inputs may be transmitted to an appropriate network element
for further processing. An NUI may implement any combi-
nation of speech recognition, stylus recognition, facial rec-
ognition, biometric recognition, gesture recognition both on
screen and adjacent to the screen, air gestures, head and eye
tracking, and touch recognition (as described elsewhere
herein) associated with a display of the computing device
2600. The computing device 2600 may be equipped with
depth cameras, such as stereoscopic camera systems, infra-
red camera systems, RGB camera systems, touchscreen
technology, and combinations of these, for gesture detection
and recognition. Additionally, the computing device 2600
may be equipped with accelerometers or gyroscopes that
enable detection of motion.

As can be understood, implementations of the present
disclosure provide for various approaches to data process-
ing. The present invention has been described in relation to
particular embodiments, which are intended in all respects to
be illustrative rather than restrictive. Alternative embodi-
ments will become apparent to those of ordinary skill in the
art to which the present invention pertains without departing
from its scope.

From the foregoing, it will be seen that this invention is
one well adapted to attain all the ends and objects set forth
above, together with other advantages which are obvious
and inherent to the system and method. It will be understood
that certain features and subcombinations are of utility and
may be employed without reference to other features and
subcombinations. This is contemplated by and is within the
scope of the claims.

What is claimed is:

1. A computer-implemented method comprising:

receiving a request to perform a predictive analysis in

association with multiple time series data sets and a set
of forecasting algorithms to forecast values expected to
occur in the future based on the corresponding time
series data set, each of the multiple time series data sets
and the set of forecasting algorithms identified in the
request;

concurrently forecasting values expected to occur in the

future for each of the multiple time series data sets
using the set of forecasting algorithms identified in the
received request; and

providing the forecasted values expected to occur in the

future for concurrent display with the corresponding
time series data set.

2. The computer-implemented method of claim 1 further
comprising converting a set of raw data to the multiple time
series data sets.

3. The computer-implemented method of claim 1,
wherein the request to perform the predictive analysis com-
prises a predict command that includes separate indications
of each of the multiple time series data sets.

4. The computer-implemented method of claim 1,
wherein the request to perform the predictive analysis com-
prises an indication of a first time series data set and a first
forecasting algorithm to utilize to perform the predictive
analysis based on the first time series data set, and an
indication of a second time series data set and a second
forecasting algorithm to utilize to perform the predictive
analysis based on the second time series data set.

5. The computer-implemented method of claim 1,
wherein the request to perform the predictive analysis com-
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prises an indication of a first time series data set, an
indication of a second time series data set, and an indication
of'a forecasting algorithm to utilize to perform the predictive
analysis in association with the first time series data set and
the second time series data set.

6. The computer-implemented method of claim 1,
wherein the request to perform the predictive analysis com-
prises an indication of a first time series data set and first
corresponding parameters to utilize to perform the predictive
analysis in association with the first time series data set, and
an indication of a second time series data set and second
corresponding parameters to utilize to perform the predictive
analysis in association with the second time series data set.

7. The computer-implemented method of claim 1 further
comprising parsing the request to identify each of the
multiple time series data sets and the set of forecasting
algorithms to use in performing the predictive analysis.

8. The computer-implemented method of claim 1 further
comprising parsing the request to identify a first forecasting
algorithm associated with a first time series data set and a
second forecasting algorithm associated with a second time
series data set.

9. The computer-implemented method of claim 1,
wherein the concurrent forecasting occurs via executable
objects comprising separate and independent instances of a
class, and wherein initiating an executable object for each
time series data set comprises constructing a different
instance of the class for each time series data set.

10. The computer-implemented method of claim 1,
wherein the concurrent forecasting occurs via executable
objects, and wherein initiating an executable object for each
time series data set comprises creating a different instance of
a class for each time series data set and including in each
instance of the class a corresponding set of forecasting
parameters associated with the corresponding forecasting
algorithm.

11. The computer-implemented method of claim 1,
wherein the concurrent forecasting occurs via executable
objects executing separately and independently from one
another.

12. The computer-implemented method of claim 1, fur-
ther comprising: accessing the multiple time series data sets;
and concurrently applying the set of forecasting algorithms
designated for the corresponding time series data set to
generate the forecasted values.

13. The computer-implemented method of claim 1, fur-
ther comprising:

accessing the multiple time series data sets; and

concurrently applying the set of forecasting algorithms
designated for the corresponding time series data set
to generate the forecasted values.

14. The computer-implemented method of claim 1,
wherein the forecasted values are concurrently presented as
a graphical visualization in connection with the correspond-
ing time series data sets.

15. The computer-implemented method of claim 1,
wherein forecasted values associated with each of the cor-
responding time series data sets are concurrently presented
in a tabular format.

16. One or more non-transitory computer-readable stor-
age media having instructions stored thereon, wherein the
instructions, when executed by a computing device, cause
the computing device to:

receiving a request to perform a predictive analysis in

association with multiple time series data sets and a set
of forecasting algorithms to forecast values expected to
occur in the future based on the corresponding time
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series data set, each of the multiple time series data sets
and the set of forecasting algorithms identified in the
request;

concurrently forecasting values expected to occur in the
future for each of the multiple time series data sets
using the set of forecasting algorithms identified in the
received request; and

providing the forecasted values expected to occur in the
future for concurrent display with the corresponding
time series data set.

17. A computing device comprising:

one or more processors; and

a memory coupled with the one or more processors, the
memory having instructions stored thereon, wherein
the instructions, when executed by the one or more
processors, cause the computing device to:

receiving a request to perform a predictive analysis in
association with multiple time series data sets and a set
of forecasting algorithms to forecast values expected to
occur in the future based on the corresponding time
series data set, each of the multiple time series data sets
and the set of forecasting algorithms identified in the
request;

concurrently forecasting values expected to occur in the
future for each of the multiple time series data sets
using the set of forecasting algorithms identified in the
received request; and
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providing the forecasted values expected to occur in the
future for concurrent display with the corresponding
time series data set.

18. The computing device of claim 17, wherein the
request to perform the predictive analysis comprises a
predict command that includes separate indications of each
of the multiple time series data sets.

19. The computing device of claim 17, wherein the
request to perform the predictive analysis comprises an
indication of a first time series data set and a first forecasting
algorithm to utilize to perform the predictive analysis based
on the first time series data set, and an indication of a second
time series data set and a second forecasting algorithm to
utilize to perform the predictive analysis based on the
second time series data set.

20. The computing device of claim 17, wherein the
request to perform the predictive analysis comprises an
indication of a first time series data set, an indication of a
second time series data set, and an indication of a forecasting
algorithm to utilize to perform the predictive analysis in
association with the first time series data set and the second
time series data set.



